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Abstract of Praxis 
 
 

Predictive Model Assessment for Efficient Healthcare Resource Scheduling and 
Decision Making 

 
Health systems and regulatory bodies continuously attempt to reduce costs and 

eliminate waste to improve the way healthcare is delivered. Quality of care has become 

the key principle driving change and healthcare outcomes. As the healthcare industry 

transitions to value-based reimbursement models from fee-for-service models, providers 

need pragmatic solutions to schedule resources adequately, primarily for events that 

involve multiple encounters. In this study, ordinary least squares, maximum likelihood, 

and supervised machine learning predictive models were compared to predict the length 

of time required for an inpatient encounter and the predicted values were used to 

determine whether patients can be flagged for readmission within 30 days of discharge. 

The evidence suggests that the maximum likelihood models outperform the ordinary least 

squares and supervised machine learning models. The maximum likelihood models better 

fit the data based on the Akaike information criterion, Bayesian information criterion, and 

root-mean-square error. The evidence further suggests that in addition to other predictors, 

the length of stay is significant in predicting the likelihood of 30-day readmittance. The 

logistic regression model is preferred to the KNN machine learning algorithm because of 

its ability to obtain classification probabilities. Further research opportunities include 

expanding the formulated models by incorporating other factors that determine the length 

of stay and the likelihood of patient readmittance. 
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Chapter 1: Introduction 
 

1.1 Background 
As the healthcare industry prepares to transition to value-based reimbursement 

models, providers need pragmatic solutions to adequately schedule resources, especially 

for events that contain multiple encounters. These encounters are also called episodes of 

care (EOCs). The Centers for Medicare & Medicaid Services (CMS) define an EOC as 

the set of services or procedures provided to treat a clinical condition (CMS, 2015). 

The CMS recommends an amount of time that each patient within a specific 

diagnosis-related group (DRG) should spend within a facility. However, the CMS does 

not give these recommendations on a procedural level. This study proposes an alternate 

process that recommends the length of the transition period from one level of service to 

another. A predictive model would help providers obtain the timeframe to transition 

patients to the next level of service. The proposed process has the potential to reduce 

avoidable costs that can be channeled to other aspects of patient care. Providers need 

target estimates for events that require multiple procedures and may include a diverse 

mix of complex cases (Berwick & Hackbarth, 2012). 

Quality of care drives change and healthcare outcomes (Porter, 2010). Along with 

other converging factors, quality of care ultimately influences patient care 

reimbursements. There are diverging views on the benefits and drawbacks of different 

reimbursement models. Proponents of value-based reimbursement models believe that 

such models enhance the quality of patient care because their central focus is increasing 

value for patients, that is, the health outcomes achieved per dollar (Porter, 2009). 
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1.2 Problem Statement 
The transition of the health care industry to a new reimbursement model leads to 

healthcare institutions incurring billions in additional costs for patients diagnosed with 

congestive heart failure. 

 

1.3 Thesis Statement 
A predictive model will help providers efficiently schedule resources, especially for 

events that contain multiple encounters with the potential to reduce avoidable costs by 

flagging patients diagnosed with congestive heart failure at risk of 30-day readmission. 

The proposed predictive models will help predict the LOSs of patients and the propensity 

of the patients to be readmitted within 30-days based on their specific health factors 

(Berwick & Hackbarth, 2012). 

 Health systems and regulatory bodies are continuously attempting to reduce costs 

and eliminate waste to improve the way healthcare is delivered. 

 

1.4 Research Questions 
The following research questions were the focus of this study: 

i) Can the LOS be predicted for the hospital stay of a patient? Determining the 

LOSs of patients is particularly pertinent because the predicted LOSs will 

invariably help administrators and stakeholders make data-driven decisions, 

for instance, regarding increasing the availability of resources. This improved 

understanding will also help them develop strategies for funds allocation and 

disbursement for each service and ultimately eliminate any unnecessary 

planned procedures. 
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ii) Can the risk of patient readmission be determined from the  PLOS of the 

patient and other factors? Having a process that effectively utilizes the results 

of the model while taking all the associated risks into account will prove 

important in improving patient care quality. 

 

1.5 Hypothesis Statement 
The analysis presented herein is based on the following hypothesis statements. 

 

1.5.1 Hypothesis Statement 1 
H0: The LOS of a patient for a hospital admission cannot be predicted based on the 

factors specific to the patient. 

H1: The LOS of a patient for a hospital admission can be determined based on 

factors specific to the patient. 

 

1.5.2 Hypothesis Statement 2 
H0: The risk of 30-day readmission cannot be determined based on the current length 

of inpatient stay and comorbidities. 

H1: The risk of 30-day readmission can be determined based on the current length of 

inpatient stay and comorbidities. 

 

1.6 Research Objectives 
The objectives of this research are as follows: 

• to identify a methodology that can be used to determine the PLOS for encounters, 

to identify a methodology that can be used to flag patients for readmission.  
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1.7 Scope of the Study 
This praxis compares predictive methodologies to determine the length of inpatient 

stay for different patient encounters. It proposes using patient specific factors to model 

the inpatient length of stay (LOS) as well as a process for determining whether a patient 

will be at risk for 30-day readmission if discharged at the predicted LOS (PLOS) along 

with other factors such as the comorbidities and discharge location of the patient. Thirty-

day readmissions are defined as readmissions that occur within 30 days of discharge from 

any facility for any cause (Kaboli et al., 2012). 

A patient can be discharged to a next level of care. The next level of care could occur 

within the continuum of care (COC) of the patient. This next level of care could be for a 

different service within the hospital, a nurse-assisted living facility, or home care. 

Stakeholders can use the proposed process to determine the potential readmission risk 

level for alternative next levels of care. For the remainder of this study, we refer to this 

timeframe as the PLOS of the patient. This study does not focus on comparing predictive 

readmission models but uses the readmission models to validate the results from the 

PLOS predictive models. 

 

1.8 Limitations 
This praxis does not include every congestive heart failure risk factor and cannot 

predict complications that could occur during a patient’s care. This praxis focuses on 30-

day readmissions and does not flag patients at risk of readmittance after 30 days of 

discharge from an inpatient facility. 
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Chapter 2: Literature Review 
 

2.1 Episodes of Care (EOC) 
The CMS developed the Bundled Payments for Care Improvement to check whether 

bundling payments for all providers involved in offering Medicare-covered items and 

services during an EOC related to an inpatient hospital encounter can minimize Medicare 

costs while sustaining or enhancing quality of care (The Lewin Group, 2017). 

The following four models were created as part of this initiative. 

Model 1 describes an EOC as an inpatient encounter in an acute-stay hospital. 

Medicare remunerates the provider a reduced amount. This model ended in 2016 (CMS, 

2018). 

Model 2 describes an EOC as an inpatient encounter in an acute-stay hospital with 

additional post-acute stay with all relevant services up to 90 days after discharge from the 

hospital (CMS, 2018). 

Model 3 describes an EOC as being triggered by an acute-stay hospital encounter but 

beginning at the start of post-acute stay services within an inpatient rehabilitation facility, 

a skilled nursing facility, a home health agency, or a long-term care hospital (CMS, 

2018). 

In Model 4, the “Centers for Medicaid and Medicare Services make a single, 

prospective bundled payment to the hospital that covers all services offered by the 

hospital, physicians, and other practitioners during the EOC, which lasts the entire 

inpatient encounter” (CMS, 2018). 
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2.2 Continuum of Care (COC) 
The Healthcare Information and Management Systems Society (HIMSS) defines the 

COC as “a concept involving a system that guides and tracks patients over time through a 

comprehensive array of health services spanning all levels and intensity of care” 

(HIMSS, 2014). 

According to the HIMSS, the COC concept provides home care, ambulatory care, 

acute hospital care, and extended care and covers a breadth of services. COC does not 

normally refer to a formal system of care delivery. However, it is not limited to acute 

healthcare services, hospitals, emergency departments, urgent care, long-term care, 

assisted living, skilled nursing facilities, wellness care, behavioral health, and 

rehabilitation centers and may be extended to homeless patients, domestic travel, and 

international travel.  

COCs cover a range of conditions. The characteristics of these conditions include 

prenatal care, newborn care, preventative care, chronic illness/morbid conditions, and 

acute injury. 

 

2.3 Home Health Care 
Home health care is patient-centric, and each patient has the full attention of the care 

provider since the workload is limited to the patient in the home location.  

Levine et al. in their randomized control trial of 57 patients discovered that the cost of 

acute care episodes in the non-traditional “home hospital” was 52% less than that of care 

received in a traditional hospital setting without adverse safety events or readmissions 

(Levine et al., 2018). Board, Brennan, and Caplan also discovered a 51% reduction in 

cost of care in the home environment in Australia (Board, Brennan, & Caplan, 2000). 
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Tibaldi et al. also noted no adverse effects on hospital readmissions for home health care 

patients (Tibaldi et al., 2009).  

The flattening of the technology domain also makes it easy to transmit information 

such as patient vitals and heart rates from monitoring devices to repositories easily 

accessible by their primary providers to reduce the risk of mortality by constantly 

monitoring the patients from remote locations.  

 

2.4 Length of Stay (LOS) 
The hospital LOS is commonly used to indicate the degree of hospital performance 

and to represent the efficient utilization of hospital resources. LOS also acts as an affiliate 

measure of costs. Hospitals that have high average LOSs within specific diagnostic 

condition groups are considered to be relatively inefficient in resource utilization, while 

those with low LOSs within specific diagnostic condition groups are considered to be 

efficient in resource utilization (Thomas, Guire, & Horvat, 1997). 

The growing financial problems in healthcare institutions contribute to the search for 

methods of adequately distributing and justifying resources (Kluge, 2007). One of these 

is detecting the LOS outliers that account for an essential share of hospital costs 

(Cyganska, 2016).  

Kaboli et al. stated that increasing efficiency by decreasing the lengths of hospital 

stays should benefit both patients and hospitals (Kaboli, Go et al. 2012). They stressed 

that unnecessary hospital days expose patients to infections and increased costs. 

There are also concerns that shortening the LOS may be detrimental because 

discharging patients before they are medically stable may increase readmission rates 

(Beck, Khambalia, Parkin, Raina, & Macarthur, 2006). 
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Thomas et al. stated there may be an association between poor quality of care and 

either shorter or longer than expected LOSs. The association between quality and the 

perceived appropriate length of inpatient stay makes identifying the ideal LOSs of 

specific diagnoses essential to appropriate resources efficiently within healthcare 

institutions. 

Colwell stated that “recent research suggests that improvements in efficiency during 

the inpatient stay can lower LOS without increasing unnecessary readmissions” (Colwell, 

2014). Colwell further stated that researchers had discovered that focusing on efficiency 

reduces hospital LOS and 30-day readmissions by 27% and 16%, respectively (Colwell, 

2014). According to the study, published in the Annals of Internal Medicine in December 

2012, the researchers discovered that an LOS that was longer or shorter than the average 

was associated with an increased risk of readmission (Colwell, 2014). According to 

Colwell, poor communication and coordination are typically the major causes of 

increased LOSs (Colwell, 2014). 

Strategies that increase efficiency are 

i) Discharging patients by noon 

ii) Focusing on teamwork and continuity of care 

To improve patient quality of care and outcomes, El Camino Hospital embarked on 

an LOS initiative that reduced the average LOS by 7.8% (El Camino Hospital, 2017). 

This LOS initiative was patient-centered and required buy-in from internal stakeholders. 

El Camino Hospital attained positive outcomes by ensuring easy access to actionable 

data.  
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El Camino changed the way that LOS was reported by grouping patients with similar 

LOSs, thereby revealing patients who tend to spend longer periods in the hospital (El 

Camino Hospital, 2017). Rather than only showing the average length of time of inpatient 

stay for each group, the data analytics team at El Camino Hospital also reported the total 

amounts of time these groups spent for their inpatient visits (El Camino Hospital, 2017). 

Providers gave special and specific attention to patients with these outlying values to 

tackle discharge barriers related to their care (El Camino Hospital, 2017). 

Other action items El Camino implemented were 

i) Discharge planning at admission 

ii) Implementing multidisciplinary care co-ordination rounds 

iii) Communicating and coordinating across the COC to prevent readmissions 

In addition to a 7.8% reduction in average LOS, they also experienced a 14.8% 

reduction in readmissions (El Camino Hospital, 2017). 

 

2.4.1 LOS Novel Measurements of Efficiency 
 

2.4.1.1 Charge Ratio 
Colwell also suggested using a charge ratio (i.e., total number of encounters divided 

by total number of discharges) to report the LOS for each provider so that physicians get 

credit for discharges regardless of whether they were the admitting physicians (Colwell, 

2014). 
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2.4.1.2 LOS Index  
The LOS index is the ratio of the actual LOS to the calculated LOS and indicates the 

degree of proper documentation. Lower values indicate better efficiency (Colwell, 2014) 

while the risk-adjusted LOS accounts for age, diagnosis, and comorbidities, excluding all 

outliers (Colwell, 2014). 

In general, lower census numbers leads to higher patient quality of care (Colwell, 

2014). 

 

2.5 Readmissions 
Since 1965, hospitals have increasingly pursued the implementation of readmission 

rates as a performance indicators (Milne & Clarke, 1990), and early readmission rates are 

extremely appealing as potential indicators of hospital quality (Ashton, Kuykendall, 

Johnson, Wray, & Wu, 1995). 

Costly patient care and negative health outcomes are related to hospital readmissions 

(McIlvennan, Eapen, Allen, 2015). Stakeholders and policymakers are now focused on 

reducing the readmission rates to improve the quality of patient care and reduce any costs 

related to readmitting patients (Jencks, Williams, Coleman, 2009).  

On average, nearly 20% of Medicare patients are readmitted within 30 days of 

discharge (Orszag & Emanuel, 2010).  

In 2011, the three conditions with the most significant numbers of adult 30-day 

readmissions—congestive heart failure, septicemia, and pneumonia—amounted to $4.3 

billion in hospital costs (Hines & Barrett, 2014). 

The costs to Medicare of hospital readmissions are very high, which is a primary 

concern of healthcare (Anderson & Steinberg, 1984). 
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About one-third of Medicare inpatients are readmitted within 90 days, and 

approximately half of readmitted surgical inpatients die within a year of being operated 

on (Fry, Pine, Jones, & Meimban, 2011). 

Providers should proactively reach out to patients immediately after discharge to 

schedule regular visits and prescriptions (Mechanic & Tompkins, 2012).  

According to the analysis of data from the National Readmissions Database (NRD) 

performed by the Healthcare Cost and Utilization Project (HCUP), the average cost of 

readmissions in 2013 was higher than the average cost of initial admissions (McIlvennan, 

Eapen et al. 2015).  

The Affordable Care Act created the Hospital Readmission Program (HRRP) in 2012 

to reform healthcare and reduce costs. The HRRP holds hospitals accountable that exceed 

the expected risk-adjusted 30-day readmission rates for specific diagnoses and has 

received praise for the part it has played in reducing readmissions. Before the 

establishment of the HRRP in 2012, there were no incentives to reduce readmissions, 

even though about 12% of all readmissions are avoidable. Despite its slight successes, 

there have been questions about the factors used to calculate the risk-adjusted 

readmission rates for each hospital and whether the models used for this purpose consider 

the socio-economic statuses of the patients (Barrett et al., 2015). 

 

2.6 Reimbursement Models 
The fee-for-service (FFS) model is the traditional reimbursement model used by 

healthcare organizations. This model ensures that providers receive reimbursements for 

every service delivered to patients, irrespective of the number of repetitive services 

performed and whether services are related to the same initial event. 
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Performing multiple unnecessary procedures adds overtime and cost burdens to 

existing infrastructure and increases healthcare costs. 

Healthcare reform is now tending towards a value-based model, whereby physicians 

are given bundled payments for the whole EOC (Scott & Eminger, 2016) to ensure that 

they properly manage the costs of care. Proponents of the value-based model believe that 

this method will reduce the number of unnecessary procedures performed per patient 

stemming from avoidable conditions, thereby increasing the quality of patient care 

(Orszag & Emanuel, 2010). 

 
Figure 2-1: Reimbursement model transition 

Source: Health Catalyst 
 

Figure 2-1 shows the transition from FFS models to value-based models. In 2015, the 

CMS declared its intent to transform 50% of Medicare payments to value-based 

reimbursement models by the end of 2018 (Scott & Eminger, 2016). With the value-
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based model, the costs that providers incur for readmissions that occur within 30 days of 

indexed discharge are sources of costs for healthcare systems (Golmohammadi & Radnia, 

2016).  

The proponents of value-based reimbursement believe that it promotes high quality of 

care, since complications and readmissions are not reimbursed after the initial bundled 

payment (Adida, Mamani, & Nassiri, 2017). Physicians are forced to manage healthcare 

costs properly for each episode and eliminate unnecessary activities and procedures.  

However, with the FFS model, physicians are given leeway regarding the number of 

tests, services, and procedures attributed to the EOC of a patient because they receive 

reimbursement for all of these services.  

 

2.7 Engineering Management in Healthcare 
Kolker and Story reported that traditional healthcare management has experiences, 

feelings, intuition, and educated guesses as its foundation (Kolker & Story, 2012). Joustra 

et al. stated that “management lacks the proper decision support for determining the 

consequences of their decisions and therefore for making good choices” (Joustra, De Wit, 

Van Dijk, & Bakker 2011). 

The healthcare terrain is hugely randomized, contains multiple complex 

interconnections, and requires techniques to incorporate randomness and uncertainty in 

decision-making. Kolker and Story further noted that “traditional management lacks a 

means of capturing such interconnections and predicting their effects” (Kolker & Story, 

2012). 

Kolker and Story determined the “following general management principles for a 
healthcare setting: 
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a) When systems have similar types of service, pooled resources are more 
efficient regarding patient throughput and wait times than resources 
dedicated to the same amount of work capacity. 

b) When there is a need for specialized resources because of infection 
management, patient privacy, static equipment, or other unique factors, it 
is necessary to plan and prepare for additional capacity to cover the 
decrease in efficiency of the resource.  

c) Dedicated resources (staff, operating or procedure rooms, and beds) 
usually cost more than pooled resources.  

d) A reserve capacity of up to 40% is usually needed to avoid operational 
issues from extreme wait times and long lines due to the variability of 
patient service and arrival times. 

e) Higher variability in arrival rates and service times will lead to lower 
operational performance concerning patient queue size, patient wait time, 
and unit utilization. 

f) The key to patient throughput improvement and delay reduction is 
ensuring process variability reduction. 

g) Size is always an essential factor, and larger hospitals always will always 
be more operationally efficient. 

h) Improvement of separate subsystems or units/departments (local 
optimization or local improvement) does not necessarily improve the 
entire hospital system; a system of local improvements could be a very 
inefficient system” (Kolker & Story, 2012). 

 
 
2.8 Healthcare Models for Determining LOS 

Rais and Viana noted that “optimization problems in healthcare have received 

considerable attention for more than three decades and have continuously expanded from 

strategic planning and the allocation of resources to include operational issues such as 

treatment planning and resource scheduling” (Rais & Viana, 2011).  

Optimization studies discussed in the literature include location problems that help 

find the maximum accessibility to healthcare centers, patient-staff scheduling problems, 

and resource-scheduling and logistics problems. 

Different initiatives have been implemented to reduce unnecessary LOS. 

Optimization has been an integral part of finding solutions to problems that arise from 

these initiatives. Caminiti et al. stated that “initiatives implemented to reduce LOS 



 15 

include discharge planning, programs favoring transfer to community services, care 

pathways, reminders to sensitize clinicians, periodical audits to identify and act upon 

reasons for delays, use of checklists for admission planning, and identification of 

motivated reference physicians” (Caminiti et al., 2013).  

The frequently reported method of determining the length of inpatient stay involves 

prediction of the stay of each inpatient by medical personnel. This assessment could be 

purely subjective, because physicians and nurses cannot predict discharge dates very 

accurately (Fuhs, Martin, & Hancock, 1979).  

The literature consists of data-driven methods that meet this need. Fuhs, Martin et al. 

proposed using LOS distributions to predict discharge dates and concluded that LOS 

distributions with minor variations are better predictors of discharge dates. Their primary 

aim was to reduce the variance observed in the daily patient census counts. Their premise 

was that by increasing the average daily counts, the fixed costs of care would cover the 

overall patient days. They implemented a grouping process that aimed at maximizing the 

LOS variance percentage. After obtaining these groups based on the LOSs, they 

developed a discharge prediction model whose objective was to reduce the variation in 

admission. 

In reducing unnecessary hospital days to improve quality of care, Caminiti et al. 

studied 12 hospital departments that had the most substantial LOSs in the University 

Hospital in Parma (2013). The hospital departments consisted of eight general medicine 

departments and two geriatrics and long-term care departments. These departments were 

selected because they were the departments that typically had the most extended LOSs. 
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The primary objective of the study was to estimate the effect of an LOS reduction 

strategy within a specific period. The secondary objectives of the study were as follows: 

1) To explain the long-term effects of the strategy;  

2) To study the effects of the strategy on the overall length of inpatient stay in the 

departments; 

3) To validate whether the effect of the strategy was more intense for particular 

causes of delay or normally distributed and to 

compare the rates of readmission and mortality for the strategy implementation 

year in the two arms of the departments. 

The authors concluded that physician accountability is vital in reducing hospital LOS 

because the strategy in which direct physician accountability was employed resulted in a 

radical reduction of avoidable and unnecessary patient days. They also discovered that 

patients were not adversely affected by early discharge based on a lack of variation in 

readmissions and mortality. The lack of association is significant because it is 

counterintuitive. A typically held belief is that patient survival improves with increasing 

length of time spent receiving inpatient care. Caminiti et al. concluded that prolonged 

hospital stays could adversely affect patients. They recommend that this relationship 

should be studied further, as the results could be hospital-specific. 

Adan et al. developed a deterministic programming model based on a stochastic LOS 

to generate a cyclic master surgical schedule for cardiothoracic surgery planning (Adan, 

Bekkers, Dellaert, Vissers & Yu, 2009). The authors were interested in developing a 

planning approach that would help schedule patients that elect for cardiothoracic surgery 

and determine the total amount of time surgery will take and the efficiency of the 
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admission planning for such elective procedures. Their objective was to minimize under 

and overutilization of all resources. They focused on comparing the effects of using the 

deterministic LOS verses a distribution (stochastic) model in the formulation. In reaching 

their conclusion, they were unable to obtain an optimal value using the distribution 

model. The final results of the deterministic LOS were rounded up. 

El-Darzi et al. engaged a simulation and flow model to evaluate LOS in a geriatric 

hospital department (el-Darzi, Vasilakis, Chaussalet, & Millard, 1998). The flow model 

used queues to measure bed blockage for patient compartment stays. The simulation 

models that they implemented were of two types: basic and unconstrained. The 

unconstrained model had neither a queue nor bed constraints. The input parameters for 

the unconstrained model for the departments showed that the unconstrained model was 

susceptible to minor changes and could yield slightly different results when re-executed. 

The basic model introduced queuing concepts for each patient until they were either 

rejected from the queue or exited the queue through discharge. El-Darzi et al. concluded 

that both the flow model and unconstrained simulation are useful tools for measuring bed 

occupancy in geriatric departments. 

 

2.9 Other healthcare model solutions 
The literature is filled with different healthcare problems, and how models determine 

solutions based on the problem formulation’s objective function. This study discusses 

these problems to show the model uses in the healthcare domain and its viability in 

obtaining solutions that improve system efficiency. 

Ndiaye and Alfares formulated a model for opening a maximum number of facilities 

to serve a diverse population location based on seasonal demand. The model also allowed 
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stakeholders to pre-determine the number of facilities that would be operated for the 

different seasons while estimating the preferred locations (Ndiaye & Alfares, 2008).  

The model focused on the movement of nomadic desert dwellers. In developing the 

model, ten possible locations served as the inputs for the nomadic group. They utilized a 

C++ program to generate the model and run values for different vector to determine the 

optimal solution based on the input parameters. Ndiaye and Alfares also wanted to study 

general migrant behavior.  

The objective of the formulation was to reduce the travel costs, the fixed costs of 

opening all the healthcare units, and the costs of operating several facilities during each 

season. This model was applied to 17 nomadic population groups in the UAE and Oman, 

and included two seasons. Ndiaye and Alfares concluded that the model could equip 

decision makers with the information they need to consider the tradeoff between the costs 

and benefits of opening and operating the public service facilities.  

In a bid to optimize intensive care unit (ICU) admissions, Shmueli et al.  developed a 

model that maximizes the expected incremental number of lives saved (Shmueli, Sprung, 

& Kaplan, 2003). The model assumed a Poisson distribution on patient arrival for review 

and potential admission. The model also assumed an exponentially distributed length of 

stay, and that patients could not be ejected from the ICU until they have achieved a pre-

defined level of health recovery. The third assumption for this model was that patients are 

transferred to another intensive care unit or sent back to the sending department if all the 

beds in the ICU are full.  

The model implemented three admission policies: a first come, first served policy 

where patient admission was highly dependent on bed availability; a minimum benefit 
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threshold policy where patient admission was dependent on breaking a survival benefit 

threshold; and a state-dependent benefit threshold where only newly arriving patients that 

exceed a specific survival threshold were viable for admission. 

The resulting model based on data from eight beds in The Hebrew University 

Hadassah Medical Center in Jerusalem revealed that 49.1% of newly arriving patients do 

not have access to the ICU. Improved access would have an expected benefit of 100.4 

lives saved per year. 

De Grano, Medeiros and Eitel described a two-stage approach to scheduling nurse 

shifts that incorporates both nurse preferences and hospital constraints (De Grano et al., 

2009). These two stages consisted of an auction stage, in which winners were granted 

preferred shifts from a pool of bids, and a schedule completion stage that matched nurses 

to unfilled slots. The constraints had to satisfy staff requirements, the minimum time 

between shifts, the allowed working days per shift, and encountered shortages, among 

other constraint considerations.  

The objective function assigned unfilled slots to nurses for whom the assignment was 

feasible. The emergency unit at York Hospital in York, PA tested the bidding model. 

Since the hospital did not allow the bidding process at the time of implementation, the 

bids were inferred by utilizing self-scheduling requests initiated by the nurses.  

Since the weekly hourly requirements were different among the nurses – some nurses 

worked 36 hours while some were required to work 40 hours per week – the nurses were 

grouped into subsets based on their working requirements.  
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An automatically generated model containing 29,344 variables and 32,892 constraints 

was developed to read each nurse’s preferred shift, generate the formulation, and pass it 

through a solver. The whole process took approximately three minutes. 

In creating an optimal inventory policy, Little and Coughlan developed a model that 

maximized the minimum service level of product delivery and maximized the average 

service level of delivery, while ensuring that it adhered to hospital inventory and critical 

constraints (Little & Coughlan, 2008). 

Three search strategies were employed in determining a solution. These included 

selecting the highest priority products, selecting products by size increments, and 

selecting products based on the increase in demand. The decision variables in this model 

are the level of service, the delivery frequency, and the maximum orderable amount. The 

model was implemented at the Cork University Hospital Intensive Care Unit using Ilog’s 

OPL Studio, a Visual Basic application within Excel.  

They discovered that although an optimal policy exists, lower service levels were 

observed at the optimal policy, and no feasible solution existed at 95% of the lower 

threshold of the service levels. 

Swaminathan developed an allocation heuristic to dispense scarce drugs among 

clinics while considering all efficiency, effectiveness, and equity constraints 

(Swaminathan, 2003). 

The algorithm identified all scarce drugs, their categories, and their pharmaceutical 

firms, with an objective of maximizing the number of clinics served. 

Van de Klundert et al. discussed an optimization problem for redesigning processes to 

improve material availability and reduce costs (van de Klundert, Muls, & Schadd, 2008). 
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In particular, they explored the specific transition of sterile materials in hospitals from 

central sterilization service departments (CSSDs) to the operating theatre (OT) by 

developing a cost minimization model depending on inventory and transportation. 

Van de Klundert et al.'s model optimized the process of sterile logistics on a weekly 

timeframe. There were three costs associated with the model. These costs were the 

instrument cost, the transportation cost, and the storage cost. Their model also employed 

a deterministic and non-deterministic approach. In the deterministic optimization 

approach, they assumed that the usage of surgical instruments was predictable. Their 

model also assumed that sterile nets never went to storage immediately after delivery. 

They also encountered a fixed charge problem where the transportation capacity was 

available up front. The problem was NP-Complete. 

In the nondeterministic optimization approach, Van de Klundert et al. recognized that 

the processes within an operating theater are not predictable because walk-in patients 

arrive in an unexpected manner. This is also true for emergency patients; there are 

usually complications for scheduled surgery cases, and sterile equipment may be 

incomplete and become unexpectedly unsterilized.  

Bortfeld, et al. created a robust formulation for optimizing intensity-modulated 

radiation treatments for the management of motion uncertainty (Bortfeld, Chan, 

Trofimov, & Tsitsiklis, 2008). The objective function of this model was to minimize the 

total delivered dose in the presence of motion uncertainty. 

The model accounted for uncertainty in the constraints and not in the resulting 

objective function formulation. The robust formulated model resulted in a trade-off 

between dose minimization and protection from uncertainty. 
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2.10 LOS Prediction Models 
To predict LOS from an inpatient record, Carter and Potts used Poisson and negative 

binomial regression models together with a forward-step iterative process to determine 

significant factors (Carter & Potts, 2014). They discovered that the most significant 

factors in the total primary knee dataset were the age, gender, year of admission, 

consultant, day of admission, discharge destination, deprivation, and ethnicity of the 

patient and proposed implementing their model in a decision support system (Carter & 

Potts, 2014).  

Faddy et al. discovered that using Markov chains to model the states within hospital 

stays can be used effectively to predict the LOS (Faddy, Graves, & Pettitt, 2009). They 

discovered that the phase-type, gamma, and log-normal models have quadratic variance-

mean relationships, which points to some sort of overdispersion in the data (Faddy, 

Graves, & Pettitt, 2009). They concluded that their proposed phase-type model fit the 

data more accurately and provided a fit similar to that of the log-normal model (Faddy, 

Graves, & Pettitt, 2009). Faddy et al. further concluded that models that fit the data 

should be preferred over those that do not (Faddy, Graves, & Pettitt, 2009). 

Barnes et al. build on existing predictive approaches by determining the daily 

discharges for patients. Their models attempt to determine whether clinicians are more 

adept at determining whether patients will be discharged by 2 p.m. or by the end of the 

day. They compared their results with those obtained using logistic regression and 

random forest models. Barnes et al. concluded that supervised machine learning 

algorithms are more adept at predicting whether patients will be discharged on the same 

day and have the potential to replace clinician decisions regarding same-day discharge 

(Barnes, Hamrock, Toerper, Siddiqui, & Levin, 2016). 
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2.11 Readmissions Prediction Models 
Novotny and Anderson used the probability of repeated admission instrument to 

predict early readmission in medical inpatients. Novotny and Anderson achieved their 

objectives by determining the probability of repeated admission scores within 2 days of 

discharge for 1077 consecutively admitted medical patients at a midwestern tertiary care 

medical center over a 20-month period. Novotny and Anderson discovered that 

predictions using the probability of repeated admission scores was better than chance and 

concluded that the Pra values can be used to determine a better predictive model 

(Novotny & Anderson, 2008). 

Coleman et. al. observed that patients that were subjected to care transition 

intervention experienced lower rehospitalization rates for the same conditions (Coleman, 

Parry, Chalmers, & Min, 2006). The care transition intervention patients received aids to 

encourage inter-site communication. The intervention patients were advised to become 

more active in their care and assert their preferences and received guidance through the 

whole process from a “transition coach.” (Coleman, Parry, Chalmers, & Min, 2006). 

Allaudeen et. al. discovered that providers were not able to accurately predict which 

patients had the highest risk of readmission (Allaudeen, Schnipper, Orav, Wachter, & 

Vidyarthi, 2011). Allaudeen et. al. conducted their research on patients above 64 years 

old in a 550-bed tertiary care academic medical center at the University of California, 

San Francisco Medical Center. Allaudeen et. al. identified readmissions by reviewing 

electronic medical records and contacting patients and other providers. Allaudeen et. al. 

observed higher readmissions rates of 32.7% than observed in other studies. Allaudeen et. 

al. concluded that the differences in these rates were due to the fact that their patient 

population consisted of patients at higher risks of readmissions for social and clinical 
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causes within an urban setting (Allaudeen, Schnipper, Orav, Wachter, & Vidyarthi, 

2011). 

Amarasingham et. al in their study determined that Clinical and social factors are 

valuable in increasing the accuracy of predictive models. Amarasingham et. al utilized 

data retrieved from an electronic medical record and evaluated the predictive power of an 

electronic predictive model and a heart failure mortality model obtained from the Acute 

Decompensated Heart Failure Registry (ADHERE) model (Amarasingham et al., 2010). 

 

2.12 Summary 
The difference between this praxis and other foundational papers is that this praxis 

uses linear regression, quadratic regression, Poisson regression, quasi-Poisson regression, 

negative binomial regression and KNN regression with factors like age, number of 

chronic diagnoses, number of procedures, procedure performed in the operating room, 

and the median income of residence to predict the length of stay. 

This praxis also compares logistic regression with KNN machine learning by using 

the predicted length of stay value, comorbidities, number of procedures and other factors 

to predict the likelihood of 30-day readmissions. The readmissions predictions are 

evaluated using ROC curves and accuracy. 

This paper also uses the root mean square error, Bayesian Information Criterion 

(BIC), and Akaike Information Criterion (AIC), and mean absolute percentage error 

values to evaluate the performance of the length of stay models. The root means square 

error and mean absolute percentage errors give further insights into the predictive power 

of the models rather than only relying on the AIC and BIC values which only evaluate the 

goodness of fit of the model. 
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Chapter 3: Methodology 
 

This chapter describes the research methodology employed in this study. It contains a 

brief discussion of the assumptions of each formulated model, the ease of use and 

limitations of the approaches, and the methods of adapting this research. 

 

3.1 Data Collection 

 

3.1.1 Sources 
The National Readmissions Database NRD was the primary source of the data used 

for analysis. This database was created by a federal and state partnership for the health-

data industry and was implemented by the Agency for Healthcare Research and Quality 

(AHRQ). 

 

3.1.2 Assumptions 
In this research, patients in the deidentified NRD, hosted by the Healthcare Cost and 

Utilization Project (HCUP), were considered. The NRD was created to serve as a 

repository of data that could be used to study national readmission rates in the healthcare 

industry and to help stakeholders make data-driven decisions for improving the quality of 

health care. 

The 2014 NRD used in this work was constructed from 22 State Inpatient Databases 

(SID) that contain reliable, verified patient linkage numbers that can be used to track 

individuals across hospitals within a state. According to the HCUP,  

“all discharges from the SID are included except: 
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i) Discharges from patients with ages of 0–10 in the 22 SID from 2014, because 
patient linkage numbers are inconsistently reported for this age range; 

ii) Discharges with missing patient linkage numbers; 
iii) Discharges with questionable patient linkage numbers, defined as 20 or more 

discharges in a year, hospitalized after discharged dead, and overlapping 
inpatient stays; and 

iv) Discharges from hospitals with more than 50% of their total discharges 
excluded for any of the above causes, because patients treated at these 
hospitals may not be reliably tracked over time.” (AHRQ, 2017) 

 

Due to the sensitivity of the data, the AHRQ does not allow the publishing of any 

data received from this initiative. Persons that desire access to the dataset must go 

through tutorials on the allowed usage of the data that they host. 

 

3.1.3 Data Structure 
The 2014 NRD dataset consists of data for 2,048 hospitals with 14,894,613 

unweighted discharges in 22 states. 

The data also contains 148 data element columns consisting of the following: 

i) Patient demographic information 

ii) Diagnoses 

iii) Procedures 

iv) DRG group information 

v) Discharge date information 

vi) Indicator of sex 

vii) Emergency department service indicator 

viii) NRD hospital identifier 

ix) LOS (cleaned) 

x) Number of chronic conditions 
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xi) Number of diagnoses on this record 

xii) Number of procedures on this record 

The dataset contains 468,709 congestive heart failure (CHF) indexed events with a 

25.05 per 100 index events 30-day readmission rate within the same state, versus a 25.70 

per 100 index events 30-day readmission rate from any state. 

Table 3-1 summarizes the descriptive statistics of the overall dataset. 

Table 3-1: Dataset descriptive statistics 

 
Minimum Maximum Mean Std. deviation Variance 

AGE 0 90 72.19 14.412 207.705 

LOS 0 365 5.40 6.586 43.371 

NCHRONIC 1 24 8.70 3.037 9.221 

NDX 1 30 15.41 5.622 31.611 

NPR 0 15 1.16 2.017 4.068 

MORT_RISK 0 4 2.53 .840 .705 

SOI 0 4 2.61 .758 .575 
 

 
3.2 Required Model Adaptations 

The formulated model was adapted to predict the LOS of each patient within a 

specific DRG for a specific hospital.  

 

3.3 Model Limitations 
The formulated model was created for a specific DRG and cannot be used to find the 

PLOS for another DRG. 

3.4 LOS Regression Analysis 
This study proposes regression models for the LOS and number of days until a patient 

is readmitted. Regression analysis was employed to create the linear models. 
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Regression analysis is a method of identifying relationships among variables, which 

can be expressed in equations by connecting one or more predictor variables to a 

response or outcome variable (Faraway, 2005). In a linear regression model where there 

are three predictor variables, X1, X2, and X3, and one response variable, Y, the resulting 

linear model is 

 Y = 𝛽0 + 𝛽1X1 + 𝛽2X 2 + 𝛽3X 3 + 𝜀 EQ 3-1 

 

where 𝛽i, i = 1, 2, 3 are the coefficients of X1, X2, and X3, respectively, and 𝛽0 is the 

intercept (Faraway, 2005). The coefficient tells whether there is a positive or negative 

linear relationship between the predictor and response variables. 

Regression analysis is an inferential methodology in which the properties of a 

population are estimated from a random sample drawn from the population (Faraway, 

2005). In the linear equation above, 𝛽1, 𝛽2, and 𝛽3 are estimates of the actual parameters 

for the population (Faraway, 2005). 

This study compares multiple linear, Poisson, quasi-Poisson, and negative binomial 

regression models. It also compares the predictions obtained from these models to that 

obtained from a lazy learner algorithm, the k-nearest neighbor (KNN) algorithm. 

The predictors used for the LOS predictive models are listed in Table 3-2. 
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Table 3-2: LOS predictor variable definitions 

Predictor Definition 
AGE Patient age 
NO_ED Patient without an emergency department encounter 
ED_REV_CDE Patient account with an emergency department revenue code 
ED_CHG Patient account with an emergency department charge 
NCHRONIC Number of chronic diagnoses 
NPR Number of procedures performed during the encounter 
ORPROC Patient with an operating room procedure 

ZIP_43K_TO_54K 
Patient lives in a zip code where the median income is between 
$43,000 and $54,000 

ZIP_54K_TO_71K 
Patient lives in a zip code where the median income is between 
$54,000 and $71,000 

ZIP_ABOVE_71K 
Patient lives in a zip code where the median income is above 
$71,000 

 

 
3.4.1 Multiple Linear Regression 
Multiple linear regression requires the model to have a linear form (i.e., Y = 𝛽0 + 𝛽1X1 

+ 𝛽2X 2 + 𝛽3X 3 + 𝜀) (Faraway, 2005). In multiple linear regression, the residuals have 

population means of zero and the predictor variables must not be correlated with the 

residuals. The observations of the residuals are uncorrelated with each other, and the 

residuals have constant variance. The residuals of a linear model must be normally 

distributed, and multicollinearity should not exist in the model. These assumptions were 

tested in this work to see how multiple linear regression models count the amount of days 

for each inpatient admission. The linear model was bootstrapped, and the linear model 

predictions were obtained using the bootstrapped model. 

 

3.4.2 Poisson Regression  
Poisson regression is a generalized linear model and is appropriate when the outcome 

variable is a discrete count of events (Chatterjee & Hadi). Generalized linear models use 

the maximum likelihood method to estimate its parameters numerically through an 
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iterative procedure (Chatterjee & Hadi). In Poisson regression, the mean is equal to the 

variance and situations in which the variance exceeds the mean are not accounted for. 

Poisson regression assumes independence of individual observations, the multiplicative 

effect of the predictor variables, and model parameter linearity. 

 

3.4.3 Quasi-Poisson Regression 
Quasi-Poisson regression is also a generalized linear model. It has the same 

assumptions as Poisson regression. However, it accounts for overdispersion, i.e., 

variability of the outcome variable. This model provides good fits for cases in which the 

variance exceeds the mean. 

 

3.4.4 Negative Binomial Regression 
The negative binomial regression model—like the Poisson and quasi-Poisson 

regression models—is a generalized linear model and holds the same assumptions as the 

two preceding regression models (Chatterjee & Hadi). Negative binomial regression is 

extremely similar to quasi-Poisson regression. However, the two models differ in how the 

variance is determined. The quasi-Poisson model determines the variance as a linear 

function of the mean, while the negative binomial regression model determines the 

variance as a quadratic function of the mean. Both models are widely used to model 

overdispersed data. 

 

3.4.5 KNN Regression 
The KNN approach is a machine learning technique that belongs to a class of lazy 

learners because it stores the entire dataset in memory and does not perform any 
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abstraction (Lantz, 2015). Unlike regression modelling, the KNN approach does not 

generate an actual model from the training data (Lantz, 2015). It predicts the outcomes by 

searching for cases with similar characteristics (Lantz, 2015). The KNN technique is 

more commonly used to solve classification problems. When used for regression, the 

KNN approach yields the average of the target variable values of the KNNs. 

 

3.5 Model Selection 
The appropriate model that best fits the dataset is selected. Afterwards, all relevant 

assumptions for the selected model must be satisfied and the fitted model will be 

evaluated. Model selection was performed by comparing the Akaike information criterion 

(AIC) and the Bayesian Information Criterion (BIC) (Faraway, 2005).  

The AIC is defined as  

 -2 (maximum log-likelihood) + 2p EQ 3-2 
 

while the BIC is defined as  

 -2 (maximum log-likelihood) + plogn EQ 3-3 
 

where n is the number of observations and p is the number of free parameters (Faraway, 

2005). Models with lower AIC/BIC values are preferred (Faraway, 2005). 

 

3.5.1 Model Fitting 
To determine the model with the best fit for the dataset, the different regression 

models went through an iterative process. This iterative process helped determine the 

parameters that eventually served as the predictors in the fitted model. The parameters 

selected as predictors in this study were statistically significant. The standard used in this 
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study to determine statistical significance of the predictor variables was a p-value less 

than 0.05. 

 

3.5.2 Validation of the Assumptions 
Additional considerations were taken into account in determining the model with the 

best fit. The intention was to determine the number of days a patient will most likely 

spend in a hospital based on the predictors, considered to be risk factors, on the chart of 

the patient. Since the outcome variable is a discrete count of days, it is implied that the 

residuals in the multiple linear regression will not satisfy the normal distribution 

assumption—an assumption that is true for multiple linear regression.  

Another consideration in determining the model with the best fit is that multiple 

linear regression assumes homoscedasticity, that is, constant variance across the 

independent variables. However, the conditional variance of right-skewed count data 

changes as a function of the conditional mean. Hence, we expect heteroscedasticity, that 

is, non-constant variance across the predictor variables. 

Another determinant of the model with the best fit is that multiple linear regression is 

likely to predict negative values for the outcome variable even though having negative 

counts is not realistically possible.  

The variance inflation factor (VIF) is used to assess the relationships among the 

independent variables and shows evidence of collinearity between independent variables 

if the VIF is greater than 10 (Chatterjee & Hadi). Hence, predictor variables with VIFs 

greater than 10 were excluded from the respective models (Chatterjee & Hadi). 
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Most models are sensitive to outliers. The residual vs. leverage plot was used to study 

these influential points and their effects on the models. The records with the most 

influential values were eventually excluded from further analysis. Figures 3-1 and 3-2 

show the LOS histograms before and after outlier removal, respectively.  

 
Figure 3-1: LOS with outliers 

Figure 3-1 shows the LOS histogram with the outliers. The maximum LOS exceeds 

300 days. 
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Figure 3-2: LOS without outliers 

Figure 3-2 shows the LOS histogram without extreme values. The maximum LOS for 

the trimmed dataset is 54 days. 

 

3.5.3 LOS Outcome Prediction 
To avoid overfitting, the dataset was split into training and test datasets. The model 

was trained on two-thirds of the original dataset, while the test dataset was used to 

validate the predictive power of each model, which was determined by comparing the 

root-mean-square errors (RMSEs) and mean-absolute-percentage errors (MAPE) of the 

respective models. The RMSE is the square root of the average of the squared differences 

between the predicted/estimated values and the actual values. The RMSE weights large 

errors heavily since the errors are squared before determining their average and 

determines the average prediction error of the outcome variable. Lower RMSEs indicate 
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better predictive power. In this manuscript, the RMSE has units of days. The formula for 

the RMSE is  

 #
1
𝑛&(𝑦) −	𝑦,)).

/

0

 

 

EQ 3-4 

where 𝑦) is the actual outcome,	𝑦,) is the predicted outcome, and	𝑛 is the number of 

observations. 

The MAPE is the absolute percentage difference between actual and predicted LOS 

values. Lower MAPE percentages indicate better predictive power. 

The formula for the MAPE is 
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EQ 3-5 

where 𝑦) is the actual outcome,	𝑦,) is the predicted outcome, and	𝑛 is the number of 

observations. 

 

3.6 30-Day Readmission Analysis 
To study the impact of LOS on 30-day readmissions, the PLOSs (along with other 

factors) obtained from the LOS prediction models were obtained as predictors in the 30-

day readmission risk classification models. The predictions of classification models such 

as the logistic regression model and other machine learning methods such as the KNN 

and random forest approaches were examined.  

The predictors used for the readmission predictive models are listed in Table 3-3. 
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Table 3-3: 30-day readmission predictor variable definitions 

Predictor Definition 
LOS Length of inpatient stay in the medical facility 
AGE Patient age 
MORT_RISK Risk of mortality ascribed to the patient 
SOI Severity of illness of the patient 
ELECTIVE Elective versus non-elective admission 
ORPROC Patient with an operating room procedure 
CM_ANEMDEF Anemic deficiency comorbidity 
CM_DIABT_CHRON Chronic diabetes comorbidity 
CM_DRUG_ABS Drug abuse comorbidity 
CM_HYPERTENSION Hypertension comorbidity 
CM_METASTATIC Metastatic cancer comorbidity 
CM_OBESE Obesity comorbidity 
CM_PSYCH Psychoses comorbidity 
CM_RENLFAIL Renal failure comorbidity 
CM_LYTES Fluid and electrolyte disorder comorbidity 
CM_WGHTLOSS Weight loss comorbidity 

ZIP_ABOVE_71K 
Patient lives in a zip code where the median income is above 
$71,000 

 
 

3.6.1 Logistic Regression 
Logistic regression is mostly used to explain the relationship between an outcome 

variable and one or more predictor variables when the outcome variable is discrete 

(Hosmer, Lemeshow, & Sturdivant, 2013). In logistic regression, the dependent variable 

is binary (Hosmer, Lemeshow, & Sturdivant, 2013). Logistic regression was used in this 

study to determine whether a patient was at risk at a specified LOS. This study proposes 

using the PLOS from the LOS models as a predictor for the logistic regression model. 

Logistic regression assumes linearity between the logit of the dependent variable and 

each independent variable, no influential outlying points, and no high multicollinearity 

between independent variables. 
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3.6.2 KNN Regression 
The KNN approach is a machine learning technique that does not generate an actual 

model from the training data (Lantz, 2015). The KNN method is a simple and effective 

technique that makes no assumptions about the underlying data distribution (Lantz, 

2015). The KNN algorithm does not really perform any learning, but rather performs its 

classification in memory and hence falls into the lazy learner class (Lantz, 2015). It 

requires the selection of an appropriate number, k, of the nearest neighbors (Lantz, 2015). 

 

3.6.3 Readmission Outcome Prediction 
The dataset used for the classification problem was imbalanced due to oversampling 

issues of the majority class. Thus, the synthetic minority oversampling technique 

(SMOTE) was employed to create a more balanced dataset. The SMOTE balances the 

sample dataset by undersampling the majority class and oversampling the minority class 

(Chawla, 2010). The classification models were trained on two-thirds of the balanced 

dataset, and the test dataset was used to validate the predictive power of each model. A 

confusion matrix was employed to show the actual readmission status versus the 

predicted readmission status for all patients. The classification error was initially used to 

assess the accuracy of each model. Afterwards, a receiver operating characteristic (ROC) 

curve was employed to determine the predictive power of each model. ROC curves 

determine the trade-off between detecting true positives and avoiding false positives 

(Lantz, 2015). The area under the ROC curve (AUC) is a metric that determines the 

classifying predictive power of the respective model (Lantz, 2015). The scale shown in 

Table 3-4 was used to grade the predictive quality of each model. 
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Table 3-4: Predictive quality scale 

Grade Definition AUC 
A Outstanding 0.9–1.0 
B Excellent/good 0.8–0.9 
C Acceptable/fair 0.7–0.8 
D Poor 0.6–0.7 
E No discrimination 0.5–0.6 

Source: (Lantz, 2015) 
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Chapter 4: Results 
 

This chapter discusses the findings of the study and the results and validation of the 

formulated models. The models were applied to observations from other hospitals to 

obtain outcomes for the same procedures. These outcomes are discussed in detail. 

 

4.1 LOS Models 
 

4.1.1 LOS Linear Model 
A generalized linear function based on the CHF training dataset, given below, models 

the effects of the factors related to the stay of a patient on the LOS of the procedural 

encounter. The predictor variables are defined in Table 3-2. 

Table 4-1: LOS linear model coefficients 

Coefficients:     
 Estimate Std. error t-value Pr(>|t|) VIF 
(Intercept) 0.9411264 0.0284156 33.12 <2e-16  
AGE 0.0104241 0.0003264 31.936 <2e-16 1.054263 
NO_ED 0.7353485 0.0172056 42.739 <2e-16 1.673071 
ED_REV_CDE 0.5735677 0.0131163 43.73 <2e-16 2.058112 
ED_CHG 0.4149906 0.0170899 24.283 <2e-16 1.741659 
NCHRONIC 0.1554571 0.0015558 99.921 <2e-16 1.029251 
NPR 0.9039606 0.0034964 258.539 <2e-16 1.183077 
ORPROC 1.9608169 0.0315077 62.233 <2e-16 1.167303 
ZIP_43K_TO_54K -0.1112161 0.0118669 -9.372 <2e-16 1.341959 
ZIP_54K_TO_71K -0.1626195 0.012769 -12.735 <2e-16 1.338858 
ZIP_ABOVE_71K -0.1212426 0.0136662 -8.872 <2e-16 1.3772 

 

The VIFs in Table 4-1, which are all less than 5, show that there is no 

multicollinearity in the predictors.  
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The coefficients of the linear function in Table 4-1 above shows that the impact of the 

age of the patient (AGE) on the LOS increases as AGE increases. In addition, the length 

of inpatient stay increases as the numbers of chronic diagnosis (NCHRONIC) and 

procedures (NPR) on the encounter chart of the patient increases. Likewise, a patient is 

likely to spend an additional day in the facility if the patient has a procedure in the 

operating room (ORPROC). The model reveals that patients that live in locations where 

the median income is greater than $54,000 (ZIP_54K_TO_71K and ZIP_ABOVE_71K) 

spend less time in medical facilities than who live in locations where the median income 

is less (i.e., ZIP_43K_TO_54K and ZIP_1_TO_43K). 

The formula for the linear model above is  

LOS = 0.94 + 0.01(AGE) + 0.74(NO_ED) + 0.57(ED_REV_CDE) + 0.41(ED_CHG) + 

0.15(NCHRONIC) + 0.90(NPR) + 1.96(ORPROC) – 0.11(ZIP_43K_TO_54K) – 

0.16(ZIP_54K_TO_71K) – 0.12(ZIP_ABOVE_71K). 

AIC = 1090808 

BIC = 1090943 

RMSE = 2.230151 

MAPE = 18.44% 

The ensuing diagnostic plots in Figures 4-1, 4-2, 4-3 and 4-4 were employed to 

analyze the effects of the patient encounter factors on the LOS. Residuals were used in 

the diagnostic plots to show whether the independent variables (predictors) of the models 

properly represented the outcome variable (i.e., LOS), and they can show how effectively 

a model represents the outcome. For the extreme values in these plots, the row number of 

the value in the dataset appears next to the point.  
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Figure 4-1: Residual vs. fitted value 

The first of the four diagnosis plots in Figure 4-1 is the residual vs. fitted value plot. 

This type of plot tells whether the residuals possess non-linear relationships between the 

dependent and independent variables, which is made evident by the pattern obtained by 

the plot. The plot exhibits an almost horizontal line without any distinct patterns, which 

demonstrates that relationship between the predictor and outcome (LOS) is linear. 
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Figure 4-2: Q-Q plot 

A Q-Q plot shows whether the residuals are normally distributed. The Q-Q plot in 

Figure 4-2 shows heavy skew in the upper tail, while the lower tail slightly deviates from 

the standard Gaussian distribution. Hence, the residuals are not normally distributed. 
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Figure 4-3: Scale-location plot 

Figure 4-3 presents the scale-location plot. This plot shows the spread of the residuals 

along the ranges of the predictors, which reveals whether there is equal variance in the 

dataset. This scale-location plot indicates uneven variance along the ranges of the 

predictors.  
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Figure 4-4: Residual vs. leverage 

Figure 4-4 presents the residual vs. leverage plot, which shows the most influential 

records by using Cook’s distance. Cook’s distance appears in the plot as the dashed lines. 

Extreme values that affect the regression line will fall outside the Cook’s distance curve. 

The plot in Figure 4-4 reveals no extreme values. The most influential point is encounter 

288562.  
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Figure 4-5: Cumulative density function for CHF LOS 

The cumulative density function in Figure 4-5 shows the LOS for all diagnoses, and 

the vertical line identifies the procedural mean time of 4.77 days for all of the diagnoses 

in the dataset. 

 

4.1.2 LOS Bootstrapped Model 
After bootstrapping the linear model, we obtained a normally distributed sample 

distribution.  
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Figure 4-6: Bootstrap plot with 2,000 replications 

The Q-Q plot in Figure 4-6 is much more fitted, with an extremely slight deviation 

from the mean for the upper tail. Bootstrapping further revealed a lower bound of 4.77 

days and an upper bound of 4.79 days for a 95% confidence interval. 

 

4.1.3 LOS Bootstrap Model Coefficients 
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4.1.3.1 Intercept 

 
Figure 4-7: Beta distribution of the intercept 

Figure 4-7 shows the beta distribution of the intercept and reveals that there are no 

skews in the normal distribution. The upper and lower tails of the Q-Q plot do not deviate 

from the Gaussian mean.  
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Figure 4-8: 95% confidence interval plot of the intercept 

The 95% confidence interval of the intercept in Figure 4-9 shows a lower bound of 

0.88 days and an upper bound of 0.99 days. It also demonstrates that the intercept has a 

normal distribution. 
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4.1.3.2 Beta 1 Coefficient – Patient Age 

 
Figure 4-9: Beta distribution of AGE  

Figure 4-10 shows the beta distribution of AGE and reveals that there are no skews in 

the normal distribution. The upper tail of the Q-Q plot slightly deviates from the 

Gaussian mean.  
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Figure 4-10: 95% confidence interval plot of AGE  

The 95% confidence interval of the beta distribution of AGE in Figure 4-11 shows a 

lower bound of 0.0097 days per year and an upper bound of 0.011 days per year. The plot 

also reveals that AGE is normally distributed. 
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4.1.3.3 Beta 2 Coefficient – Patient Without ED Service (NO_ED) 

 
Figure 4-11: Beta distribution of NO_ED 

Figure 4-12 shows the beta distribution of NO_ED. The Q-Q plot reveals a normal 

distribution. The upper and lower tails of the Q-Q plot do not deviate from the Gaussian 

mean.  
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Figure 4-12: 95% confidence interval plot of NO_ED 

The 95% confidence interval of the beta distribution in Figure 4-13 shows a lower 

bound of 0.71 days and an upper bound of 0.77 days if the patient does not visit the ED 

during the encounter. The histogram also displays a normally distributed curve. 

 

4.1.4 Poisson Model 
The generalized linear function below is based on the CHF training dataset and 

models the effect of the factors related to the stay of the patient on the LOS. The 

predictor variables are defined in Table 3-2. 
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Table 4-2: Poisson model coefficients 

Coefficients:      
 Estimate Std. error z-value Pr(>|z|) VIF 
(Intercept) 6.69E-01 6.44E-03 103.9 <2e-16 *** 
AGE 2.39E-03 7.28E-05 32.83 <2e-16 1.058695 
NO_ED 1.86E-01 3.80E-03 48.88 <2e-16 1.814731 
ED_REV_CDE 1.54E-01 3.00E-03 51.3 <2e-16 2.256293 
ED_CHG 1.07E-01 3.86E-03 27.65 <2e-16 1.849895 
NCHRONIC 3.74E-02 3.31E-04 112.84 <2e-16 1.037902 
NPR 1.51E-01 5.65E-04 266.86 <2e-16 1.37329 
ORPROC 2.07E-01 5.14E-03 40.22 <2e-16 1.34572 
ZIP_43K_TO_54K -2.58E-02 2.58E-03 -9.99 <2e-16 1.33828 
ZIP_54K_TO_71K -4.34E-02 2.78E-03 -15.64 <2e-16 1.333148 
ZIP_ABOVE_71K -3.06E-02 2.94E-03 -10.41 <2e-16 1.379307 
      

The coefficients in Table 4-2 show that patients who have procedures performed in 

the OR will increase the linear function of the Poisson regression model by 0.2 units. 

Meanwhile, patients who live in zip codes where the median salary is between $54,000 

and $71,000 will decrease the linear function by 0.04 units. The VIFs, which are all less 

than 5, show that there is no multicollinearity in the predictors.  

The model equation is  

LOS	 = 	 𝑒(9), 

where 

𝑥 = 6.69 * 10-1 + 2.39 * 10-3(AGE) + 1.86 * 10-1(NO_ED)  

+ 1.54 * 10-1(ED_REV_CDE) + 1.07 * 10-1(ED_CHG) + 3.74 * 10-2(NCHRONIC) + 

1.51 * 10-1(NPR) + 2.07 * 10-1(ORPROC) – 2.58 * 10-2(ZIP_43K_TO_54K)  

– 4.34 * 10-2(ZIP_54K_TO_71K) – 3.06 * 10-2(ZIP_ABOVE_71K). 
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NO_ED, ED_REV_CDE, ED_CHG, ORPROC, ZIP_43K_TO_54K, 

ZIP_54K_TO_71K, and ZIP_ABOVE_71K are factors and have values of 1 if true and 0 

if false.  

AIC = 1035127 

BIC = 1035242 

RMSE = 2.148167 days 

MAPE = 17.96% 

The diagnostic plots in Figures 4-14 to 4-18 were used to analyze the effects of the 

patient encounter factors on the LOS. 

 
Figure 4-13: Residual vs. fitted value - Poisson model 

In the residual vs. fitted value plot in Figure 4-14, each curved line visually represents 

each discrete count of the outcome variable. Figure 4-14 also shows that the plot is 
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centered around the 0-residual line. The straight line affirms the linearity of the linear 

function in the Poisson model. 

 
Figure 4-14: Normal Q-Q plot - Poisson model 

The Q-Q plot in Figure 4-15 shows that the residuals are not normal. However, this 

characteristic is expected because the residuals are not generally expected to be normal in 

a Poisson model because the Q-Q plot models the natural log of the predictor variable as 

a linear function of the coefficients. The residuals should follow a Poisson distribution. 
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Figure 4-15: Histogram of residuals - Poisson model 

The histogram of the residuals in Figure 4-16 is slightly skewed to the right, showing 

that the errors are not normally distributed. 

 
Figure 4-16: Scale-location plot - Poisson model 
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Figure 4-17 shows an uneven spread of the values predicted by the linear function in 

the Poisson model. The variance initially fans out (i.e., increases) and then decreases over 

the range of the fitted values for the linear function of the Poisson model. 

 
Figure 4-17: Residual vs. leverage - Poisson model 

Outliers were filtered out from the dataset. Hence, Figure 4-18 does not show any 

influential points. 

 

4.1.5 Quasi-Poisson Model 
The coefficient of the generalized linear function in Table 4-3 below is based on the 

CHF training dataset and models the effects of the factors related to the stay of the patient 

on the LOS. The predictor variables are defined in Table 3-2. 
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Table 4-3: Quasi-Poisson model coefficients 

Coefficients:     
 Estimate Std. Error t-value Pr(>|t|) VIF 
(Intercept) 6.65E-01 6.79E-03 97.897 <2e-16 *** 
AGE 2.44E-03 7.66E-05 31.795 <2e-16 1.058128 
NO_ED 1.82E-01 3.99E-03 45.565 <2e-16 1.814308 
ED_REV_CDE 1.52E-01 3.16E-03 48.293 <2e-16 2.251844 
ED_CHG 1.05E-01 4.06E-03 25.839 <2e-16 1.847235 
NCHRONIC 3.76E-02 3.48E-04 108.307 <2e-16 1.038329 
NPR 1.51E-01 5.98E-04 252.601 <2e-16 1.375594 
ORPROC 2.03E-01 5.44E-03 37.303 <2e-16 1.349074 
ZIP_43K_TO_54K -2.72E-02 2.72E-03 -9.982 <2e-16 1.338782 
ZIP_54K_TO_71K -4.21E-02 2.92E-03 -14.412 <2e-16 1.33427 
ZIP_ABOVE_71K -2.91E-02 3.09E-03 -9.399 <2e-16 1.377878 

 

The VIFs in Table 4-3 are all less than 5 and show that there is no multicollinearity in 

the predictors. 

Like in the Poisson model, the coefficients with the greatest impacts on the linear 

function of the quasi-Poisson model are ORPROC and ZIP_54K_TO_71K. ORPROC 

increases the linear function by 0.2 units, while ZIP_54K_TO_71K reduces the linear 

function by 0.04 units. 

The model equation is  

LOS	 = 	 𝑒(9), 

where 

𝑥 = 6.65 * 10-1 + 2.44 * 10-3(AGE) + 1.82 * 10-1(NO_ED)  

+ 1.52 * 10-1(ED_REV_CDE) + 1.05 * 10-1(ED_CHG) + 3.76 * 10-2(NCHRONIC) + 

1.51 * 10-1(NPR) + 2.03 * 10-1(ORPROC) – 2.72 * 10-2(ZIP_43K_TO_54K)  

– 4.21 * 10-2(ZIP_54K_TO_71K) – 2.91 * 10-2(ZIP_ABOVE_71K). 
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NO_ED, ED_REV_CDE, ED_CHG, ORPROC, ZIP_43K_TO_54K, 

ZIP_54K_TO_71K, and ZIP_ABOVE_71K are factors and have values of 1 if true and 0 

if false.  

AIC = Not Computed 

BIC = Not Computed 

RMSE = 2.161856 days 

MAPE = 18.13% 

The quasi-Poisson model does not have loglikelihood values, therefore the AIC and 

BIC values cannot be computed. The diagnostic plots for the quasi-Poisson model are 

similar to those for the Poisson model and are provided in Appendix B. 

 

4.1.6 Negative Binomial Model 
The coefficients of the generalized linear function in Table 4-4 below is based on the 

CHF training dataset and models the effects of the factors related to the stay of the patient 

on the LOS. The predictor variables are defined in Table 3-2. 
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Table 4-4: Negative binomial model coefficients 

Coefficients:     
 Estimate Std. error z-value Pr(>|z|) VIF 
(Intercept) 6.64E-01 6.76E-03 98.252 <2e-16 *** 
AGE 2.46E-03 7.63E-05 32.284 <2e-16 1.056363 
NO_ED 1.82E-01 3.98E-03 45.605 <2e-16 1.746447 
ED_REV_CDE 1.53E-01 3.14E-03 48.784 <2e-16 2.165337 
ED_CHG 1.04E-01 4.04E-03 25.81 <2e-16 1.803635 
NCHRONIC 3.75E-02 3.48E-04 107.987 <2e-16 1.029861 
NPR 1.51E-01 6.29E-04 239.168 <2e-16 1.230143 
ORPROC 2.05E-01 5.64E-03 36.404 <2e-16 1.214136 
ZIP_43K_TO_54K -2.72E-02 2.71E-03 -10.031 <2e-16 1.340393 
ZIP_54K_TO_71K -4.22E-02 2.91E-03 -14.472 <2e-16 1.336266 
ZIP_ABOVE_71K -2.93E-02 3.09E-03 -9.496 <2e-16 1.376474 

 

The VIFs in Table 4-4 show that there is no multicollinearity in the predictors and are 

all less than 5. 

Like in the Poisson and quasi-Poisson models, the coefficients with the greatest 

impacts on the linear function of the negative binomial regression model are ORPROC 

and ZIP_54K_TO_71K. ORPROC increases the linear function by 0.2 units, while 

ZIP_54K_TO_71K reduces the linear function by 0.04 units. 

The model equation is  

LOS	 = 	 𝑒(9), 

where	 

𝑥 = 6.64 * 10-1 + 2.46 * 10-3(AGE) + 1.82 * 10-1(NO_ED)  

+ 1.53 * 10-1(ED_REV_CDE) + 1.04 * 10-1(ED_CHG) + 3.75 * 10-2(NCHRONIC) + 

1.51 * 10-1(NPR) + 2.05 * 10-1(ORPROC) – 2.72 * 10-2(ZIP_43K_TO_54K)  

– 4.22 * 10-2(ZIP_54K_TO_71K) – 2.93 * 10-2(ZIP_ABOVE_71K). 
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NO_ED, ED_REV_CDE, ED_CHG, ORPROC, ZIP_43K_TO_54K, 

ZIP_54K_TO_71K, and ZIP_ABOVE_71K are factors and have values of 1 if true and 0 

if false.  

AIC = 1034060 

BIC = 1034185 

RMSE = 2.142669 days 

MAPE = 17.94% 

The diagnostic plots for the negative binomial regression model are provided in 

Appendix C. 

 

4.1.7 Quadratic Model 
The coefficients of the generalized linear function in Table 4-5 below is based on the 

CHF training dataset and models the effects of the factors related to the stay of the patient 

on the LOS. The predictor variables are defined in Table 3-2. 

Table 4-5: Quadratic model coefficients 

Coefficients:      
 Estimate Std. error t-value Pr(>|t|) VIF 
(Intercept) 1.1691146 0.0275742 42.399 <2e-16 *** 
AGE 0.00952 0.000316 30.131 <2e-16 1.0554 
NO_ED 0.7321282 0.0166013 44.101 <2e-16 1.6732 
ED_REV_CDE 0.5960074 0.0126465 47.128 <2e-16 2.0581 
ED_CHG 0.3928777 0.0164845 23.833 <2e-16 1.7417 
NCHRONIC 0.161459 0.001501 107.566 <2e-16 1.0297 
NPR 0.2305776 0.0060511 38.105 <2e-16 3.8704 
I(NPR^2) 0.1319537 0.0009746 135.397 <2e-16 3.8296 
ORPROC 1.3570549 0.0308888 43.934 <2e-16 1.1824 
ZIP_43K_TO_54K -0.1024958 0.0114468 -8.954 <2e-16 1.3417 
ZIP_54K_TO_71K -0.1603472 0.0123207 -13.014 <2e-16 1.3386 
ZIP_ABOVE_71K -0.1166027 0.0131878 -8.842 <2e-16 1.377 
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The coefficients of the quadratic model show that patients that undergo OR 

procedures are likely to have 1.35 days added to their inpatient stays. Meanwhile, patients 

who reside in zip codes where the median income is between $54,000 and $71,000 will 

have their stays reduced by 0.16 days. 

The model equation is  

LOS = 1.17 + 0.01(AGE) + 7.32 * 10-1(NO_ED) + 5.96 * 10-1(ED_REV_CDE)  

+ 3.93 * 10-1(ED_CHG) + 1.61 * 10-1(NCHRONIC) + 2.31 * 10-1(NPR)  

+ 1.32 * 10-1(NPR2) + 1.36(ORPROC) – 1.10 * 10-1(ZIP_43K_TO_54K)  

– 1.60 * 10-1(ZIP_54K_TO_71K) – 1.17 * 10-1(ZIP_ABOVE_71K). 

NO_ED, ED_REV_CDE, ED_CHG, ORPROC, ZIP_43K_TO_54K, 

ZIP_54K_TO_71K, and ZIP_ABOVE_71K are factors and have values of 1 if true and 0 

if false.  

AIC = 1071943 

BIC = 1072088 

RMSE = 2.170299 days 

MAPE = 18.16% 
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Figure 4-18: Scatter plot matrix 

The scatter plot matrix in Figure 4-19 shows the linear/curvilinear relationship 

between the predictor variable (LOS) and AGE, NCHRONIC, and NPR. It also shows the 

absence of multicollinearity between the continuous independent variables and agrees 

with the VIFs for the model. 

The diagnostic plots for the quadratic model are shown in Figures 38–42. 
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Figure 4-19: Residual vs. fitted value - Quadratic model 

In the residual vs. fitted value plot in Figure 4-20, the residuals fan out (i.e., they 

increase in variability) as the LOS increases. Each diagonal line in this figure visually 

represents each discrete count of the outcome variable. Figure 4-20 also shows that the 

plot is centered around the 0-residual line.  
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Figure 4-20: Q-Q plot - Quadratic model 

The Q-Q plot in Figure 4-21 shows that the residuals are not normal, which is 

expected because the outcome variable has the properties of a Poisson distribution.  

 
Figure 4-21: Histogram of residuals - Quadratic model 
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Figure 4-22 presents the histogram of the residuals, which is skewed to the right, 

confirming the Poisson structure. 

 
Figure 4-22: Scale-location plot - Quadratic model 

Figure 4-23 shows that the values predicted using the quadratic model have an 

uneven spread and is heteroscedastic in nature. The variance fans out (increases) over the 

range of the PLOSs.  
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Figure 4-23: Residual vs. leverage - Quadratic model 

Outliers were filtered out from the dataset, so Figure 4-24 does not show any 

influential points. 

 

4.1.8 KNN Regression 
KNN regression does not generate a model. For prediction, the KNN algorithm was 

used in this study to train two-thirds of the overall CHF dataset. However, due to the 

difficulty of determining the best KNNs to use to predict the test dataset, various k-values 

were recursively tested to see which k-value yielded the lowest RMSE. 

Table 4-6: KNN RMSE results 

K Training RMSE Test RMSE Fit? 
1 2.68 3.03 Over 
5 2.15 2.36 Over 
10 2.12 2.26 Over 
25 2.14 2.21 Over 
50 2.17 2.21 Best 
250 2.24 2.26 Under 
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Table 4-6 shows that the optimal k-value for training the dataset is 50. 

 

4.2 LOS Case Studies 
In the following case studies, the five regression models were applied along with the 

supervised machine learning algorithm to predict the LOS for three hypothetical patients. 

 

4.2.1 Case Study 1 – Ms. Median 
Suppose we admit a patient called Ms. Median having the median age and median 

number of chronic diagnoses. Ms. Median is scheduled to have the median number of 

procedures and did not have an ED encounter. Suppose the remaining factors pertaining 

to this patient have the median values. The predictive model can be used to determine the 

LOS in the following manner: 

Median AGE = 75 

Median NCHRONIC = 8 

Median NPR = 0 

Median ORPROC = 0 

NO_ED = 1 

ED_REV_CDE = 0 

ED_CHG = 0 

ZIP_43K_TO_54K = 0 

ZIP_54K_TO_71K = 1 

ZIP_ABOVE_71K = 0 
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Table 4-7: LOS prediction results for Ms. Median 

Model Predicted LOS (days) 
Linear 3.5325 
Quadratic 3.7446 
Poisson 𝑒0..<=> = 3.6302 
Quasi-Poisson 𝑒0..=0? = 3.6364 
Negative binomial 𝑒0..<@.	= 3.6190 
KNN 3.38 

 

 
4.2.2 Case Study 2 – Ms. Mode 
Suppose we admit a patient called Ms. Mode having the modal age and modal 

number of chronic diagnoses. Ms. Mode plans to have the modal number of procedures 

and does not have an ED encounter. Suppose the remaining factors pertaining to this 

patient have modal values. The predictive model can be used to determine the LOS in the 

following manner: 

Mode AGE = 90 

Mode NCHRONIC = 8 

Mode NPR = 0 

Mode ORPROC = 0 

NO_ED = 1 

ED_REV_CDE = 0 

ED_CHG = 0 

ZIP_43K_TO_54K = 0 

ZIP_54K_TO_71K = 1 

ZIP_ABOVE_71K = 0 
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Table 4-8: LOS prediction results for Ms. Mode 

Model Predicted LOS (days) 
Linear 3.6908 
Quadratic 3.8875 
Poisson 𝑒0.>.@@ = 3.7682 
Quasi-Poisson 𝑒0.>.A@	= 3.772 
Negative binomial 𝑒0.>..=		= 3.754 
KNN 3.8 

 

4.2.3 Case Study 3 – Ms. Max 
Suppose we admit a patient called Ms. Max having the maximum age and maximum 

number of chronic diagnoses. Ms. Max plans to have the maximum number of 

procedures and does not have an ED encounter. Suppose the remaining factors pertaining 

to this patient have the maximum values. The predictive model can be used to determine 

the LOS in the following manner: 

Max AGE = 90 

Max NCHRONIC = 23 

Max NPR = 15 

Max ORPROC = 1 

NO_ED = 1 

ED_REV_CDE = 0 

ED_CHG = 0 

ZIP_43K_TO_54K = 0 

ZIP_54K_TO_71K = 1 

ZIP_ABOVE_71K = 0 
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Table 4-9: LOS prediction results for Ms. Max 

Model Predicted LOS (days) 
Linear 21.5107 
Quadratic 40.1428 
Poisson 𝑒B.>C=? = 78.189 
Quasi-Poisson 𝑒B.>CB?	= 77.789 
Negative binomial 𝑒B.>B.C	= 76.8995 
KNN 18.72 

 

4.3 LOS Model Summary 
The AIC, BIC, and RMSE show that the Poisson model and its alternatives perform 

the best. The negative binomial regression model outperforms both the Poisson and 

quasi-Poisson models and has the lowest AIC and BIC, at 1034060 and 1034185, 

respectively. The RMSE of the negative binomial model is also the lowest, at 2.14 days, 

which implies that the values predicted by the negative binomial model are much closer 

to the actual LOSs.  

Table 4-10: Summary of LOS prediction models 

Model AIC BIC RMSE MAPE 
Linear  1089150 1089285 2.24 days 18.44% 
Quadratic 1071943 1072088 2.17 days 18.16% 
Poisson 1035127 1035242 2.15 days 17.96% 
Quasi-Poisson Not Computed Not Computed 2.16 days 18.13% 
Negative binomial 1034060 1034185 2.14 days 17.94% 
KNN Not Computed Not Computed 2.21 days 18.09% 

 

The quasi-Poisson model does not have loglikelihood values, therefore the AIC and 

BIC values cannot be computed. The AIC and BIC values cannot be computed for the 

KNN model because it does not perform any model abstraction. 
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4.4 30-Day Readmission Risk Classification Models 
 

4.4.1 Logistic Regression 
A generalized linear function based on the overall CHF dataset, given below, models 

the effects of the factors related to the stay of the patient on 30-day readmittance. The 

predictor variables are defined in Table 3-3. 

THIRTY_DAY_READMIT ~ LOS + AGE + MORT_RISK + SOI +  

    ELECTIVE + ORPROC + CM_DRUG_ABS + CM_WGHTLOSS + 

ZIP_ABOVE_71K  

Table 4-11: Logistic regression coefficients 

Coefficients:     
 Estimate Std. error z-value Pr(>|z|) VIF 
(Intercept) -1.39E+01 5.79E+02 -0.024 < 2e-16  
LOS -8.53E-02 1.83E-02 -4.664 3.10E-06 1.313978 
AGE -6.20E-02 3.15E-03 -19.719 < 2e-16 1.237610 
MORT_RISK -4.90E-01 9.37E-02 -5.23 1.70E-07 1.335489 
SOI -9.42E-01 7.10E-02 -13.26 < 2e-16 1.443943 
ELECTIVE -5.58E-01 1.71E-01 -3.256 0.001129 1.020413 
ORPROC -8.41E-01 2.22E-01 -3.786 0.000153 1.036159 
CM_DRUG_ABS -7.24E-01 1.89E-01 -3.828 0.000129 1.125618 
CM_WGHTLOSS 3.72E-01 9.76E-02 3.814 0.000137 1.200576 
ZIP_ABOVE_71K 3.07E+00 2.79E-01 10.99 < 2e-16 1.153924 

 

The model equation of the logistic regression is 

g(x) = -13.9 - 0.085(LOS) – 0.062(AGE) - 0.49(MORT_RISK) – 0.94(SOI) – 

0.56(ELECTIVE) – 0.84(ORPROC) – 0.74(CM_DRUG_ABS) + + 

3.25(CM_WGHTLOSS) + 0.748(ZIP_ABOVE_71K),  

where 
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g(x) = lnD E(9)
0F	E(9)

G, i.e., the log odds of 30-day readmission occurring, and 

𝜋(𝑥) = 
IJ(K)

0LIJ(K)
, i.e., the probability of 30-day readmission occurring. 

The coefficients of the model in Table 4-12 above shows that when the LOS increases 

by 1 day, the log odds of 30-day readmission decreases by 0.085 units. The greatest 

significant log odds increase occurs when the patient has the weight loss comorbidity, 

with a log odds increase of 0.37 units. 

𝜋(𝑥)> 0.3 Classification error = 8.9% 

Table 4-12: Logistic regression confusion matrix at probabilities >0.3 

  Actual 

Predicted 
  No Yes 

No 1951 6 
Yes 484 2951 

 

𝜋(𝑥)> 0.5 Classification error = 7.8% 

Table 4-13:  Logistic regression confusion matrix at probabilities >0.5 

  Actual 

Predicted 
  No Yes 

No 2040 26 
Yes 395 2931 

𝜋(𝑥)> 0.6 Classification error = 7.9% 

Table 4-14:  Logistic regression confusion matrix at probabilities >0.6 

  Actual 

Predicted 
  No Yes 

No 2102 92 
Yes 333 2865 
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The confusion matrices in Tables 4-13 to 4-15 show that the model accuracy is 

greater than 90%. The confusion matrices in Tables 4-13 to 4-15 are obtained when the 

resulting predicted probabilities from the logistic regression model are compared against 

cutoff probabilities of 0.3, 0.5 and 0.6 respectively. 

 
Figure 4-24: ROC curve - Logistic regression 

The AUC for the logistic regression model is 0.951, implying that the model has 

excellent predictive power in classifying readmissions. 

 

4.4.2 KNN method 
The KNN approach does not generate a model from the training dataset. The KNN 

algorithm was tested in this study for k = 1, 3, 5, 7, and 15. The results from the 

confusion matrices in Tables 4-16 to 4-20 show the classification error rates 

corresponding to k = 1, 3, 5, 7, and 15, respectively. 
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Table 4-15: KNN confusion matrix for k = 1, classification error = 6.36% 

  Actual 

Predicted 
  No Yes 

No 2281 99 
Yes 244 2768 

 

Table 4-16: KNN confusion matrix for k = 3, classification error = 7.41% 

  Actual 

Predicted 
  No Yes 

No 2186 61 
Yes 339 2806 

 

Table 4-17: KNN confusion matrix for k = 5, classification error = 7.97% 

  Actual 

Predicted 
  No Yes 

No 2126 31 
Yes 399 2836 

 

Table 4-18: KNN confusion matrix for k = 7, classification error = 8.53% 

  Actual 

Predicted 
  No Yes 

No 2081 16 
Yes 444 2851 

 

Table 4-19: KNN confusion matrix for k = 15, classification error = 10.90% 

  Actual 

Predicted 
  No Yes 

No 1953 16 
Yes 572 2851 

 



 76 

The classification error rates increase as k increases and is the least for k = 1, at 

6.36%. 

 
Figure 4-25: ROC curve – KNN method 

The ROC curves in Figure 4-26 above show that the KNN models are also excellent 

at classifying readmissions. The best predictive power occurs when k = 15, which have 

the same AUC of 0.976.  

 

4.5 Readmission Case Studies 
 

4.5.1 Case Study – Ms. Median – Scenario 1 
Suppose we admit a patient called Ms. Median having the median age and median 

number of chronic diagnoses. Ms. Median is scheduled to have the median number of 

procedures. The predictive model can be used to determine the readmission risk for Ms. 

Median in the following manner: 
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Median AGE = 75 

Median NCHRONIC = 8 

Median NPR = 0 

Median Mortality Risk = 2 

Table 4-20: Scenario 1 – 30-day readmission predictions 

Model Readmission in 30 days Class probability 
Logistic regression No 100% 
KNN regression No Not Computed 

 

The class probability cannot be calculated for KNN in Tables 4-21 and 4-22 because 

KNN does not generate model abstractions. 

 

4.5.2 Case Study – Ms. Median – Scenario 2 
Suppose Ms. Median had two comorbidities: drug abuse and weight loss. Median 

AGE = 75 

Median NCHRONIC = 8 

Median NPR = 0 

Median Mortality Risk = 2 

Table 4-21: Scenario 2 – 30-day readmission predictions 

Model Readmission in 30 days Class probability 
Logistic regression No 99% 
KNN regression No Not Computed 

 

 
4.6 Readmission Model Summary 

The KNN model has the best AUC when k = 15 (0.976). Meanwhile, the prediction 

accuracy for k = 15 is 10.9%. The best accuracy of the logistic regression model is 7.8%, 
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observed at a cutoff probability of 0.5, while the AUC is 0.951. An advantage of the 

logistic regression model over the KNN model is the ability to obtain class probabilities. 
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Chapter 5: Conclusions 
 

In this study, the number of chronic diagnoses and the number of procedures planned 

for an inpatient stay were used to predict the LOS of a patient. The evidence indicates 

that the PLOS can be used as a predictor to determine the risk of patient readmission 

within 30 days of discharge.  

Though the length of stay is a significant predictor in the formulated readmissions 

model with a pvalue that is less than 0.05, its impact on the log-odd value is dependent on 

the number of days spent in the medical facility. When the LOS increases by 1 day, the 

log odds of 30-day readmission decreases by 0.085 units.  

The readmissions logistic regression model is preferred to the KNN machine learning 

algorithm because of its ability to obtain classification probabilities. Though the KNN 

method is simple and does not make any presumption of the data, the logistic regression 

model gives insight into the model’s predictors and the resulting coefficient estimates of 

the relationships between the predictors and the outcome. 

The logistic regression model has a maximum accuracy of 92.2% while the KNN 

model has a maximum accuracy of 93.64% when k is 1. Though the KNN method has 

better AUC values when k is 15 at 0.976, the logistic regression model equally has an 

excellent predictive power with an AUC value of 0.951.  

The logistic regression model positively affirms that the risk of the patient being 

readmitted can be determined from the current/predicted length of stay. 

In comparing length of stay predictions, ordinary least squares models (linear and 

quadratic regression) were compared with maximum likelihood models (Poisson, quasi-
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Poisson, and negative binomial) and a supervised machine learning model (KNN) to 

determine which model that gives more accurate predictive abilities.  

The results show that the maximum likelihood models yield more accurate 

predictions than the supervised machine learning model and ordinary least squares 

models. The AIC, BIC, MAPE and RMSE demonstrate that the negative binomial model 

outperforms the other maximum likelihood models. 

The models show that extended LOS times are driven by the number of chronic 

diagnoses a patient has, the number of procedures the patient is scheduled to have, and 

whether the procedure the patient undergoes occurs in an operating room. The evidence 

suggests that sicker patients will spend more time in hospitals.  

 

5.1 Significance of the Study 
The proposed model predicts the patient LOS based on patient-specific factors and the 

risk of 30-day readmittance. The predicted values will enable administrators and care 

providers to care proactively for patients flagged with high risks of 30-day readmission. 

The risk of readmissions can be used by stakeholders to determine how aggressive the 

patient’s treatment should be, or the next level of care the patient should receive. The 

next level of care could occur within the patient’s continuum of care (COC). This next 

level of care could be for a different service within the hospital, a transfer to a nurse 

assisted living facility, or home care. 

The predictive model can be used to schedule bed, room, and personnel resources 

more efficiently. Personnel resource scheduling can be improved for each encounter as 

LOS encounter times will be obtainable and readily available. 
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5.2 Formulation Limitations 
While the regression model predicts the length of time that a patient spends in the 

hospital, it does not predict potential procedural complications.  

 

5.3 Opportunities for Further Work 
The regression models predict the LOS and readmission risk. There are opportunities 

to study the performances of alternative models. Including classification models that flag 

patients who are at risk for 60-, or 90-day readmission will also help providers determine 

appropriate patient care procedures.  
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Appendix A: Beta Coefficients 
  

 
A.1 Beta 3 Coefficient – Patient with ED Revenue Code (ED_REV_CDE) 

 
Figure A-1: Beta distribution of ED_REV_CDE 

Figure A-1 shows the beta distribution of ED_REV_CDE and reveals a normal 

distribution. The upper and lower tails of the Q-Q plot do not deviate from the Gaussian 

mean.  
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Figure A-2: 95% confidence interval plot of ED_REV_CDE 

The 95% confidence interval of the beta distribution in Figure A-2 shows a lower 

bound of 0.56 days and an upper bound of 0.61 days when ED_REV_CDE is recorded 

for the patient encounter. The histogram reveals that ED_REV_CDE is normally 

distributed. 
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A.2 Beta 4 Coefficient – Patient with ED Charges (ED_CHG) 

 
Figure A-3: Beta distribution of ED_CHG  

Figure A-3 shows the beta distribution of ED_CHG and reveals that there is no skew 

in the normal distribution. The upper and lower tails do not deviate from the Gaussian 

mean.  
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Figure A-4: 95% confidence interval plot of ED_CHG  

The 95% confidence interval of the beta distribution in Figure A-4 shows a lower 

bound of 0.37 days and an upper bound of 0.437 days when there is an ED charge on the 

patient record. The ED_CHG predictor is normally distributed. 
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A.3 Beta 5 Coefficient – Number of Chronic Diagnosis (NCHRONIC) 

 
Figure A-5: Beta distribution of NCHRONIC  

Figure A-5 shows the beta distribution of NCHRONIC and reveals no skews in the 

normal distribution. There is a slight rightward skew in lower tail of the Q-Q plot from 

the Gaussian mean.  
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Figure A-6: 95% confidence interval plot of NCHRONIC  

The 95% confidence interval of the beta distribution in Figure A-6 shows a lower 

bound of 0.15 days per diagnosis and an upper bound of 0.16 days per diagnosis.  
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A.4 Beta 6 Coefficient – Number of Procedures (NPR) 

 
Figure A-7: Beta distribution of NPR  

Figure A-7 shows the beta distribution of NPR and reveals that there is no skew in the 

normal distribution. The upper and lower tails of the Q-Q plot do not deviate from the 

Gaussian mean.  
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Figure A-8: 95% confidence interval plot of NPR  

The 95% confidence interval of the beta distribution in Figure A-8 shows a lower 

bound of 0.892 days per procedure and an upper bound of 0.905 per procedure.  
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A.5 Beta 7 Coefficient – Patient Had OR Procedure (ORPROC) 

 
Figure A-9: Beta distribution of OR_PROC  

Figure A-9 shows the beta distribution of OR_PROC and reveals that there is no skew 

in the normal distribution. The upper and lower tails of the Q-Q plot do not deviate from 

the Gaussian mean.  
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Figure A-10: 95% confidence interval plot of OR_PROC  

The 95% confidence interval of the beta distribution in Figure A-10 shows a lower 

bound of 1.866 days and an upper bound of 1.99 days when the procedure is performed in 

an operating room.  
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A.6 Beta 8 Coefficient – Patient Zip Median Salary Between $43,000 and $54,000 

(ZIP_43K_TO_54K) 

 
Figure A-11: Beta distribution of ZIP_43K_TO_54K  

Figure A-11 shows the beta distribution of ZIP_43K_TO_54K and reveals very slight 

right and left skews in the upper and lower tails, respectively, in the normal distribution.  
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Figure A-12: 95% confidence interval plot of ZIP_43K_TO_54K  

The 95% confidence interval of the beta distribution in Figure A-12 shows a lower 

bound of -0.136 days and an upper bound of -0.0896 days, which implies a reduction by 

the preceding range of days if a patient lives in a location where the median income is 

between $43,000 and $54,000. 
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A.7 Beta 9 Coefficient – Patient Zip Median Salary Between $54,000 and $71,000 

(ZIP_54K_TO_71K) 

 
Figure A-13: Beta distribution of ZIP_54K_TO_71K  

Figure A-13 shows the beta distribution of ZIP_54K_TO_71K and reveals that there 

is no skew in the normal distribution. The upper and lower tails of the Q-Q plot do not 

deviate from the Gaussian mean.  
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Figure A-14: 95% confidence interval plot of ZIP_54K_TO_71K  

The 95% confidence interval of the beta distribution in Figure A-14 shows a lower 

bound of -0.1996 days and an upper bound of -0.1499 days, which implies a reduction by 

the preceding range of days if a patient lives in a location where the median income is 

between $54,000 and $71,000. 
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A.8 Beta 10 Coefficient – Patient Zip Median Salary Above $71,000 

(ZIP_ABOVE_71K) 

 
Figure A-15: Beta distribution of ZIP_ABOVE_71K  

Figure A-15 shows the beta distribution of ZIP_ABOVE_71K and reveals that there 

is a slight left skew in the upper tail of the normal distribution.  
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Figure A-16: 95% confidence interval plot of ZIP_ABOVE_71K  

The 95% confidence interval of the beta distribution in Figure A-16 shows a lower 

bound of -0.1441 days and an upper bound of -0.09 days, which implies a reduction by 

the preceding range of days if a patient lives in a location where the median income is 

above $71,000.  
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Appendix B: Quasi – Poisson Diagnostic Plots 
  

 

 
Figure B-1: Residual vs Fitted - Quasi-poisson model 

In the Residuals vs Fitted plot above, the residuals fan in as the length of stay 

increases. Each curved line in Figure B-1 visually represents each discrete count of the 

outcome variable. Figure B-1 also shows the plot centered around the 0-residual line.  
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Figure B-2: Quantile Quantile plot - Quasi-poisson model 

In Figure B-2 the q-q plot shows that the residuals are not normal. However, this is 

expected because the normality of residuals is in general not expected under a Poisson 

model because the q-q plot models the natural log of the predictor variable as a linear 

function of the coefficients. The residuals should follow a Poisson distribution.  
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Figure B-3: Histogram of Residuals - Quasi-Poisson Model 

Figure B-3 shows the histogram of the residuals. Since outliers have been filtered out 

of the dataset, Figure B-3 does not show any influential points. 
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Figure B-4: Scale-Location plot - Quasi-Poisson Model 

 

 
Figure B-5: Residuals vs Leverage plot - Quasi-Poisson Model
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Appendix C: Negative Binomial Diagnostic Plots 
  

 

 
Figure C-1: Residual vs Fitted plot - Negative Binomial model 

In the Residuals vs Fitted plot, the residuals fan in as the length of stay increases. 

Each curved line in Figure C-1 visually represents each discrete count of the outcome 

variable. Figure C-1 also shows the plot centered around the 0-residual line. In Figure C-

2 the q-q plot shows that the residuals are not normal. However, this is expected because 

the normality of residuals is in general not expected under a Poisson model because the 

q-q plot models the natural log of the predictor variable as a linear function of the 

coefficients. The residuals should follow a Poisson distribution. Figure C-3 shows the 

histogram of the residuals.  

Since outliers have been filtered out of the dataset, Figure 54 does not show any 

influential points. 
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Figure C-2: Quantile Quantile plot - Negative Binomial model 
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Figure C-3: Histogram of Residuals - Negative Binomial Model 

 

 
Figure C-4: Scale-Location plot - Negative Binomial model 
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Figure C-5: Residuals vs Leverage plot - Negative Binomial model 
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Appendix D: Data Analysis 
  

 
rm(list = ls()) 
gc() 
setwd("~/Documents/01GWU Docs/Praxis_Code") 
 
library(gtools) 
library(plyr) 
library(MLmetrics) 
library(MASS) 
library(Metrics) 
library(MuMIn) 
library(DHARMa) 
library(class) 
library(FNN) 
library(caret) 
library(pROC) 
library(gmodels) 
library(car) 
library(DMwR) 
library(ROCR) 
library(ESKNN) 
source("SPM_Panel.R") 
source("doBootstrap.R") 
source("TestSet.R") 
source("ROC.R") 
source("PCAplots.R") 
source("pc.glm.R") 
source("TSbootfunctions.R") 
 
sig <- read.csv(file = "NRD_CHF_SVR_DATA_ANALYSIS.csv", head = 
TRUE) 
#sig <- sig[sig$ELECTIVE == 0,] 
 
sigx.train.lm <- glm(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC + NPR + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + 
ZIP_ABOVE_71K + ZIP_NONE, data= sig, family=poisson(link="log")) 
 
#Plot the Cook's distance using the traditional 4/n criterion 
cooksd <- cooks.distance(sigx.train.lm) 
 
sample_size <- nrow(sig) 
#plot(cooksd, pch="*", cex=2, main="Influential Obs by Cooks 
distance") 
#abline(h- 4/sample_size, col="red") 
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#text(x=1: length(cooksd)+1, y=cooksd, 
labels=ifelse(cooksd>4/sample_size, names(cooksd), ""), 
col="red") 
 
#Removing Outliers 
#Influential row numbers 
influential <- as.numeric(names(cooksd)[(cooksd > 
(4/sample_size))]) 
sig <- sig[-influential, ] 
 
 
hist(sig$LOS, main = "Length of Stay with outliers", xlab = "LOS 
(days)", ylab = "Admissions", col = "steelblue", breaks = 20) 
hist(sig$LOS, main = "Length of Stay without outliers", xlab = 
"LOS (days)", ylab = "Admissions", col = "steelblue", breaks = 
20) 
 
 
uva.pairs(pos.train[,c("LOS", "AGE", "NCHRONIC", "NPR")]) 
 
 
 
#Linear Model 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
pos.test = sig[testrows,] 
pos.train = sig[-testrows,] 
 
summary(pos.test) 
summary(pos.train) 
 
sig.train.lm <- lm(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC + NPR + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + 
ZIP_ABOVE_71K + ZIP_NONE, data= pos.train) 
vif(sig.train.lm) 
summary(sig.train.lm) 
 
plot(sig.train.lm) 
 
#Bootstrapping of Linear Model 
los.boot <- boot(sig$LOS, statistic = function(d,i){mean(d[i])}, 
2000) 
 
#Cumulative density function of the length of stay 
los.ecdf <- ecdf(sig$LOS) 
plot(los.ecdf, xlab="Length of stay", main = "CDF") 
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abline(v = mean(sig$LOS)) 
 
 
 
#Histogram and QQ Plot 
plot(los.boot, xlab="Length of Stay", main="LOS") 
 
quantile(los.boot$t, 0.025) 
 
quantile(los.boot$t, 0.975) 
 
 
#sig.test.pred <- predict(sig.train.lm, sig.test, interval = 
"prediction") 
#summary(sig.test.pred) 
 
#plot(predict(sig.train.lm), sig.test$LOS) 
 
# Get fitted values from the regression model 
sig.train.fit <- fitted(sig.train.lm) 
 
# Get the residuals from the regression model 
sig.train.resid <- residuals(sig.train.lm) 
 
# Get the regression model 
sig.train.mod <- model.matrix(sig.train.lm) 
 
# Bootsrap the linear model 
sig.train.boot <- RTSB(pos.train$LOS, pos.train[,c("AGE", 
"NO_ED", "ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", 
"ZIP_NONE")], sig.train.fit, sig.train.resid, sig.train.mod, 
2000) 
 
sig.train.boot 
 
boot.var <- apply(energy.boot$t, 2, var) 
# 95%  CI for beta 1 
 
boot.ci(sig.train.boot, .99, index=6, type = "norm") 
 
 
# Distribution of beta 0 - Intercept 
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,1], main = "Intercept",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
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qqnorm(sig.train.boot $t[,1]) 
qqline(sig.train.boot $t[,1]) 
par(mfrow = c(1,1)) 
 
 
 
boot.ci(sig.train.boot, .95, index=1, type = "norm") 
 
# Intercept Confidence interval 
hist(sig.train.boot$t[,1], main = "Intercept", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=1, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=1, type = 
"norm")$norm[,2]) 
 
 
# Distribution of beta 1  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,2], main = "AGE",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,2]) 
qqline(sig.train.boot $t[,2]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=2, type = "norm") 
 
# beta 1 Confidence interval 
hist(sig.train.boot$t[,2], main = "AGE", xlab = "Coefficient", 
col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=2, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=2, type = 
"norm")$norm[,2]) 
 
 
# Distribution of beta 2  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,3], main = "NO_ED",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,3]) 
qqline(sig.train.boot $t[,3]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=3, type = "norm") 
 
# beta 2 Confidence interval 
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hist(sig.train.boot$t[,3], main = "NO_ED", xlab = "Coefficient", 
col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=3, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=3, type = 
"norm")$norm[,2]) 
 
 
# Distribution of beta 3  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,4], main = "ED_REV_CDE",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,4]) 
qqline(sig.train.boot $t[,4]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=4, type = "norm") 
 
# beta 3 Confidence interval 
hist(sig.train.boot$t[,4], main = "ED_REV_CDE", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=4, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=4, type = 
"norm")$norm[,2]) 
 
 
# Distribution of beta 4  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,5], main = "ED_CHG",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,5]) 
qqline(sig.train.boot $t[,5]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=5, type = "norm") 
 
# beta 4 Confidence interval 
hist(sig.train.boot$t[,5], main = "ED_CHG", xlab = "Coefficient", 
col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=5, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=5, type = 
"norm")$norm[,2]) 
# Distribution of beta 5  
par(mfrow = c(1,2)) 
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hist(sig.train.boot$t[,6], main = "NCHRONIC",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,6]) 
qqline(sig.train.boot $t[,6]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=6, type = "norm") 
 
 
 
# beta 5 Confidence interval 
hist(sig.train.boot$t[,6], main = "NCHRONIC", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=6, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=6, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 6  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,7], main = "NPR",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,7]) 
qqline(sig.train.boot $t[,7]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=7, type = "norm") 
 
# beta 6 Confidence interval 
hist(sig.train.boot$t[,7], main = "NPR", xlab = "Coefficient", 
col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=7, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=7, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 7  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,8], main = "ORPROC",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,8]) 
qqline(sig.train.boot $t[,8]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=8, type = "norm") 
# beta 7 Confidence interval 
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hist(sig.train.boot$t[,8], main = "ORPROC", xlab = "Coefficient", 
col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=8, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=8, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 8  
par(mfrow = c(1,2)) 
 
 
 
hist(sig.train.boot$t[,9], main = "ZIP_43K_TO_54K",xlab 
="Coefficient Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,9]) 
qqline(sig.train.boot $t[,9]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=9, type = "norm") 
 
# beta 8 Confidence interval 
hist(sig.train.boot$t[,9], main = "ZIP_43K_TO_54K", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=9, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=9, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 9  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,10], main = "ZIP_54K_TO_71K",xlab 
="Coefficient Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,10]) 
qqline(sig.train.boot $t[,10]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=10, type = "norm") 
 
# beta 9 Confidence interval 
hist(sig.train.boot$t[,10], main = "ZIP_54K_TO_71K", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=10, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=10, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 10  
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par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,11], main = "ZIP_ABOVE_71K",xlab 
="Coefficient Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,11]) 
qqline(sig.train.boot $t[,11]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=11, type = "norm") 
 
# beta 10 Confidence interval 
hist(sig.train.boot$t[,11], main = "ZIP_ABOVE_71K", xlab = 
"Coefficient", col= "steelblue") 
 
 
abline(v = boot.ci(sig.train.boot, .95, index=11, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=11, type = 
"norm")$norm[,2]) 
 
# Distribution of beta 11  
par(mfrow = c(1,2)) 
hist(sig.train.boot$t[,12], main = "ZIP_NONE",xlab ="Coefficient 
Values",   col = "steelblue", breaks = 50) 
qqnorm(sig.train.boot $t[,12]) 
qqline(sig.train.boot $t[,12]) 
par(mfrow = c(1,1)) 
 
boot.ci(sig.train.boot, .95, index=12, type = "norm") 
 
# beta 11 Confidence interval 
hist(sig.train.boot$t[,12], main = "ZIP_NONE", xlab = 
"Coefficient", col= "steelblue") 
abline(v = boot.ci(sig.train.boot, .95, index=12, type = 
"norm")$norm[,3]) 
abline(v = boot.ci(sig.train.boot, .95, index=12, type = 
"norm")$norm[,2]) 
 
 
 
#Quadratic Model 
quad.train.lm <- lm(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC  + NPR  + I(NPR ^ 2) + ORPROC + ZIP_43K_TO_54K + 
ZIP_54K_TO_71K + ZIP_ABOVE_71K, data= pos.train) 
vif(quad.train.lm) 
summary(quad.train.lm) 
 
par(mfrow = c(2,2)) 



 120 

plot(quad.train.lm) 
par(mfrow = c(1,1)) 
 
plot(quad.train.lm) 
 
quad.res <- residuals.lm(quad.train.lm) 
hist(quad.res, xlab="Residuals", main = "Histogram of Residuals", 
col = "steelblue") 
 
 
#Poisson Model 
 
#create test rows 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
 
 
pos.test = sig[testrows,] 
pos.train = sig[-testrows,] 
 
summary(pos.test) 
summary(pos.train) 
 
#uva.pairs(sig[,c(1, 4, 9, 12, 13, 14, 15, 19, 21, 23)]) 
 
pos.train.lm <- glm(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC + NPR + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + 
ZIP_ABOVE_71K, data= pos.train, family=poisson(link="log")) 
vif(pos.train.lm) 
summary(pos.train.lm) 
 
par(mfrow = c(2,2)) 
plot(pos.train.lm) 
par(mfrow = c(1,1)) 
 
pos.fit <- fitted(pos.train.lm) 
pos.res <- residuals.glm(pos.train.lm, "deviance") 
 
 
pos2.train.lm <- glm(LOS ~ AGE + I(AGE ^ 2) + NO_ED + ED_REV_CDE 
+ ED_CHG + NCHRONIC  + I(NCHRONIC ^ 2) + NPR  + I(NPR ^ 2) + 
ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + ZIP_ABOVE_71K + 
ZIP_NONE, data= pos.train, family=poisson(link="log")) 
 
summary(pos2.train.lm) 
 
#QuasiPoisson Model 
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#create test rows 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
quasi.test = sig[testrows,] 
quasi.train = sig[-testrows,] 
 
summary(quasi.test) 
summary(quasi.train) 
 
#uva.pairs(sig[,c(1, 4, 9, 12, 13, 14, 15, 19, 21, 23)]) 
 
quasi.train.lm <- glm(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC + NPR + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + 
ZIP_ABOVE_71K + ZIP_NONE, data= quasi.train, 
family=quasipoisson(link="log")) 
vif(quasi.train.lm) 
 
 
summary(quasi.train.lm) 
 
quasi.res <- residuals.glm(quasi.train.lm, "deviance") 
 
par(mfrow = c(2,2)) 
plot(quasi.train.lm) 
par(mfrow = c(1,1)) 
 
quasi2.train.lm <- glm(LOS ~ AGE + I(AGE ^ 2) + NO_ED + 
ED_REV_CDE + ED_CHG + NCHRONIC  + I(NCHRONIC ^ 2) + NPR  + I(NPR 
^ 2) + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + ZIP_ABOVE_71K + 
ZIP_NONE, data= quasi.train, family=quasipoisson(link="log")) 
 
summary(quasi2.train.lm) 
 
#Negative Binomial Model 
 
#create test rows 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
nbin.test = sig[testrows,] 
nbin.train = sig[-testrows,] 
 
summary(nbin.test) 
summary(nbin.train) 
 
#uva.pairs(sig[,c(1, 4, 9, 12, 13, 14, 15, 19, 21, 23)]) 
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nbin.train.lm <- glm.nb(LOS ~ AGE + NO_ED + ED_REV_CDE + ED_CHG + 
NCHRONIC + NPR + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + 
ZIP_ABOVE_71K + ZIP_NONE, data= nbin.train) 
vif(nbin.train.lm) 
summary(nbin.train.lm) 
 
nbin.res <- residuals.glm(nbin.train.lm, "deviance") 
 
par(mfrow = c(2,2)) 
plot(nbin.train.lm) 
par(mfrow = c(1,1)) 
 
nbin2.train.lm <- glm.nb(LOS ~ AGE + I(AGE ^ 2) + NO_ED + 
ED_REV_CDE + ED_CHG + NCHRONIC  + I(NCHRONIC ^ 2) + NPR  + I(NPR 
^ 2) + ORPROC + ZIP_43K_TO_54K + ZIP_54K_TO_71K + ZIP_ABOVE_71K + 
ZIP_NONE, data= nbin.train) 
 
summary(nbin2.train.lm) 
 
 
 
plot(nbin2.train.lm) 
 
#KNN Regression 
knn.test = sig[testrows,] 
knn.train = sig[-testrows,] 
 
knn.test <- knn.test[,c("LOS", "AGE", "NO_ED", "ED_REV_CDE", 
"ED_CHG", "NCHRONIC", "NPR", "ORPROC", "ZIP_43K_TO_54K", 
"ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
knn.train <- knn.train[,c("LOS", "AGE", "NO_ED", "ED_REV_CDE", 
"ED_CHG", "NCHRONIC", "NPR", "ORPROC", "ZIP_43K_TO_54K", 
"ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
 
rmse = function(actual, predicted) { 
  sqrt(mean((actual - predicted) ^ 2)) 
} 
 
make_knn_pred = function(k=1, training, predicting) { 
  pred = FNN::knn.reg(train = training[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", 
"ZIP_NONE")], 
                      test = predicting[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", 
"ZIP_NONE")], 
                      y = training$LOS, k=k)$pred 
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  act = predicting$LOS 
  rmse(predicted = pred, actual = act) 
   
} 
 
#define values of k to evaluate 
k = c (1, 5, 10, 25, 50, 250) 
#k = c (35, 36, 37, 38, 39, 40, 41, 42, 43, 44) 
 
#get requested train RMSEs 
knn_trn_rmse = sapply(k, make_knn_pred, 
                      training = knn.train, 
                      predicting = knn.train) 
 
#get request test RMSEs 
knn_tst_rmse = sapply(k, make_knn_pred, 
                      training = knn.train, 
                      predicting = knn.test) 
 
#determine "best" k 
 
 
best_k = k[which.min(knn_tst_rmse)] 
 
#find overfitting, underfitting, and "best"" k 
fit_status = ifelse(k < best_k, "Over", ifelse(k == best_k, 
"Best", "Under")) 
 
#summarize results 
knn_results = data.frame( 
  k, 
  round(knn_trn_rmse, 2), 
  round(knn_tst_rmse, 2), 
  fit_status 
) 
 
colnames(knn_results) = c("k", "Train RMSE", "Test RMSE", "Fit?") 
 
#display results 
knitr::kable(knn_results, escape = FALSE, booktabs = TRUE) 
 
 
#AIC scores 
AIC(sig.train.lm) 
BIC(sig.train.lm) 
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AIC(pos.train.lm) 
BIC(pos.train.lm) 
 
chat <- deviance(quasi.train.lm) / df.residual(quasi.train.lm) 
QAIC(quasi.train.lm, chat = chat, family = 
quasipoisson(link=log)) 
BIC(quasi.train.lm) 
 
AIC(nbin.train.lm) 
BIC(nbin.train.lm) 
 
AIC(quad.train.lm) 
BIC(quad.train.lm) 
 
#predictions 
lm.pred <- predict(sig.train.lm, newdata = pos.test, type = 
"response") 
quad.pred <- predict(quad.train.lm, newdata = pos.test, type = 
"response") 
pos.pred <- predict(pos.train.lm, newdata = pos.test, type = 
"response") 
 
 
 
quasi.pred <- predict(quasi.train.lm, newdata = quasi.test, type 
= "response") 
nbin.pred <- predict(nbin.train.lm, newdata = nbin.test, type = 
"response") 
 
 
pos2.pred <- predict(pos2.train.lm, pos.test) 
quasi2.pred <- predict(quasi2.train.lm, quasi.test) 
nbin2.pred <- predict(nbin2.train.lm, nbin.test) 
 
pos.boot.pred <- predict(sig.train.boot$t, pos.test) 
 
 
#Root Mean Square Error 
rmse(pos.test$LOS, lm.pred) 
rmse(pos.test$LOS, quad.pred) 
rmse(pos.test$LOS, pos.pred) 
rmse(quasi.test$LOS, quasi.pred) 
rmse(nbin.test$LOS, nbin.pred) 
 
mae(pos.test$LOS, lm.pred) 
mae(pos.test$LOS, quad.pred) 
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mae(pos.test$LOS, pos.pred) 
mae(quasi.test$LOS, quasi.pred) 
mae(nbin.test$LOS, nbin.pred) 
 
smape(pos.test$LOS, lm.pred) 
smape(pos.test$LOS, quad.pred) 
smape(pos.test$LOS, pos.pred) 
smape(quasi.test$LOS, quasi.pred) 
smape(nbin.test$LOS, nbin.pred) 
 
bias(pos.test$LOS, lm.pred) 
bias(pos.test$LOS, quad.pred) 
bias(pos.test$LOS, pos.pred) 
bias(quasi.test$LOS, quasi.pred) 
bias(nbin.test$LOS, nbin.pred) 
 
#get dataset for less than 2 days 
pos.test.lt2 <- pos.test[pos.test$LOS < 2,] 
quasi.test.lt2 <- quasi.test[quasi.test$LOS < 2,] 
nbin.test.lt2 <- nbin.test[nbin.test$LOS < 2,] 
 
#less than 2 predictions 
lm.pred.lt2 <- predict(sig.train.lm, newdata = pos.test.lt2, type 
= "response") 
 
 
quad.pred.lt2 <- predict(quad.train.lm, newdata = pos.test.lt2, 
type = "response") 
pos.pred.lt2 <- predict(pos.train.lm, newdata = pos.test.lt2, 
type = "response") 
quasi.pred.lt2 <- predict(quasi.train.lm, newdata = 
quasi.test.lt2, type = "response") 
nbin.pred.lt2 <- predict(nbin.train.lm, newdata = nbin.test.lt2, 
type = "response") 
 
#get dataset between 2 to 4 days 
pos.test.2to4 <- pos.test[pos.test$LOS >1 & pos.test$LOS< 5,] 
quasi.test.2to4 <- quasi.test[quasi.test$LOS >1 & quasi.test$LOS< 
5,] 
nbin.test.2to4 <- nbin.test[nbin.test$LOS >1 & nbin.test$LOS< 5,] 
 
#predictions between 2 to 4 days 
lm.pred.2to4 <- predict(sig.train.lm, newdata = pos.test.2to4, 
type = "response") 
quad.pred.2to4 <- predict(quad.train.lm, newdata = pos.test.2to4, 
type = "response") 
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pos.pred.2to4 <- predict(pos.train.lm, newdata = pos.test.2to4, 
type = "response") 
quasi.pred.2to4 <- predict(quasi.train.lm, newdata = 
quasi.test.2to4, type = "response") 
nbin.pred.2to4 <- predict(nbin.train.lm, newdata = 
nbin.test.2to4, type = "response") 
 
#get dataset between 5 to 7 days 
pos.test.5to7 <- pos.test[pos.test$LOS >4 & pos.test$LOS< 8,] 
quasi.test.5to7 <- quasi.test[quasi.test$LOS >4 & quasi.test$LOS< 
8,] 
nbin.test.5to7 <- nbin.test[nbin.test$LOS >4 & nbin.test$LOS< 8,] 
 
#predictions between 5 to 7 days 
lm.pred.5to7 <- predict(sig.train.lm, newdata = pos.test.5to7, 
type = "response") 
quad.pred.5to7 <- predict(quad.train.lm, newdata = pos.test.5to7, 
type = "response") 
pos.pred.5to7 <- predict(pos.train.lm, newdata = pos.test.5to7, 
type = "response") 
quasi.pred.5to7 <- predict(quasi.train.lm, newdata = 
quasi.test.5to7, type = "response") 
nbin.pred.5to7 <- predict(nbin.train.lm, newdata = 
nbin.test.5to7, type = "response") 
 
 
#get dataset for greater than 7 days 
pos.test.gt7 <- pos.test[pos.test$LOS >7,] 
 
 
quasi.test.gt7 <- quasi.test[quasi.test$LOS >7, ] 
nbin.test.gt7 <- nbin.test[nbin.test$LOS >7,] 
 
#predictions greater than 7 days 
lm.pred.gt7 <- predict(sig.train.lm, newdata = pos.test.gt7, type 
= "response") 
quad.pred.gt7 <- predict(quad.train.lm, newdata = pos.test.gt7, 
type = "response") 
pos.pred.gt7 <- predict(pos.train.lm, newdata = pos.test.gt7, 
type = "response") 
quasi.pred.gt7 <- predict(quasi.train.lm, newdata = 
quasi.test.gt7, type = "response") 
nbin.pred.gt7 <- predict(nbin.train.lm, newdata = nbin.test.gt7, 
type = "response") 
 
 
#Root Mean Square Error for less than 2 
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rmse(pos.test.lt2$LOS, lm.pred.lt2) 
rmse(pos.test.lt2$LOS, quad.pred.lt2) 
rmse(pos.test.lt2$LOS, pos.pred.lt2) 
rmse(quasi.test.lt2$LOS, quasi.pred.lt2) 
rmse(nbin.test.lt2$LOS, nbin.pred.lt2) 
 
sum(pos.test.lt2$LOS) 
sum(lm.pred.lt2) 
sum(quad.pred.lt2) 
sum(quasi.pred.lt2) 
 
mae(pos.test.lt2$LOS, lm.pred.lt2) 
mae(pos.test.lt2$LOS, quad.pred.lt2) 
mae(pos.test.lt2$LOS, pos.pred.lt2) 
mae(quasi.test.lt2$LOS, quasi.pred.lt2) 
mae(nbin.test.lt2$LOS, nbin.pred.lt2) 
 
#Root Mean Square Error between 2 and 4 
rmse(pos.test.2to4$LOS, lm.pred.2to4) 
rmse(pos.test.2to4$LOS, quad.pred.2to4) 
rmse(pos.test.2to4$LOS, pos.pred.2to4) 
rmse(quasi.test.2to4$LOS, quasi.pred.2to4) 
rmse(nbin.test.2to4$LOS, nbin.pred.2to4) 
 
sum(pos.test.2to4$LOS) 
sum(lm.pred.2to4) 
 
 
 
 
 
mae(pos.test.2to4$LOS, lm.pred.2to4) 
mae(pos.test.2to4$LOS, quad.pred.2to4) 
mae(pos.test.2to4$LOS, pos.pred.2to4) 
mae(quasi.test.2to4$LOS, quasi.pred.2to4) 
mae(nbin.test.2to4$LOS, nbin.pred.2to4) 
 
#Root Mean Square Error greater than 4 days 
rmse(pos.test.gt4$LOS, lm.pred.gt4) 
rmse(pos.test.gt4$LOS, quad.pred.gt4) 
rmse(pos.test.gt4$LOS, pos.pred.gt4) 
rmse(quasi.test.gt4$LOS, quasi.pred.gt4) 
rmse(nbin.test.gt4$LOS, nbin.pred.gt4) 
 
mae(pos.test.gt4$LOS, lm.pred.gt4) 
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mae(pos.test.gt4$LOS, quad.pred.gt4) 
mae(pos.test.gt4$LOS, pos.pred.gt4) 
mae(quasi.test.gt4$LOS, quasi.pred.gt4) 
mae(nbin.test.gt4$LOS, nbin.pred.gt4) 
 
hist(pos.res, xlab = "Residuals", main = "Histogram of 
Residuals", col = "steelblue") 
hist(quasi.res, xlab = "Residuals", main = "Histogram of 
Residuals", col = "steelblue") 
hist(nbin.res, xlab = "Residuals", main = "Histogram of 
Residuals", col = "steelblue") 
 
#Bootstrapping 
los.boot <- boot(sig$LOS, statistic = function(d,i){mean(d[i])}, 
2000) 
 
#Cumulative density function of the length of stay 
los.ecdf <- ecdf(sig$LOS) 
plot(los.ecdf, xlab="Length of stay", main = "CDF") 
abline(v = mean(sig$LOS)) 
 
#Histogram and QQ Plot 
plot(los.boot, xlab="Length of Stay", main="LOS") 
 
quantile(los.boot$t, 0.025) 
 
quantile(los.boot$t, 0.975) 
 
 
#sig.test.pred <- predict(sig.train.lm, sig.test, interval = 
"prediction") 
#summary(sig.test.pred) 
 
 
#plot(predict(sig.train.lm), sig.test$LOS) 
 
# Get fitted values from the regression model 
sig.train.fit <- fitted(pos.train.lm) 
 
# Get the residuals from the regression model 
sig.train.resid <- residuals(pos.train.lm) 
 
# Get the regression model 
sig.train.mod <- model.matrix(pos.train.lm) 
 
# Bootsrap the linear model 
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sig.train.boot <- RTSB(pos.train$LOS, pos.train[,c("AGE", 
"NO_ED", "ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", 
"ZIP_NONE")], sig.train.fit, sig.train.resid, sig.train.mod, 
2000) 
 
fitted(sig.train.boot) 
 
boot.var <- apply(energy.boot$t, 2, var) 
# 95%  CI for beta 1 
 
boot.ci(sig.train.boot, .99, index=6, type = "norm") 
 
 
#Model Confidence Interval 
sig.train.ci <- boot.ci(sig.train.boot, .99, index=1, type = 
"norm") 
 
summary(sig.train.boot) 
 
#Bootstrapping the forecast 
prd.sig.test <- RFB(pos.train, lm.train.lm, ndata= pos.test) 
 
prd.sig.test.lm <- predict(sig.train.lm, newdata= sig.test, 
se.fit = T) 
 
summary(prd.sig.test.lm) 
 
prd.sig.test 
prd.sig.test.lm 
 
#Plot of linear model prediction against actual 
plot(prd.sig.test.lm$fit, sig.test$LOS) 
MAPE(prd.sig.test.lm$fit, prd.sig.test$t0) 
 
 
#Plot of bootstrap model prediction against actual 
plot(prd.sig.test$t0, sig.test$LOS) 
 
#For Predicting specific instances 
#Use this to get newdata 
newdata1 <- data.frame(AGE = median(sig.train$AGE), DISCWT = 
median(sig.train$DISCWT), NCHRONIC = median(sig.train$NCHRONIC) , 
NPR = median(sig.train$NPR)) 
#Bootstrap prediction 
prd.sig.test <- RFB(sig.train, sig.train.lm, ndata= newdata1) 
#Linear model prediction 
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prd.sig.test.lm <- predict(sig.train.lm, newdata= newdata1, 
se.fit = T) 
 
prd.sig.test.lm 
 
 
 
 
#READMISSIONS 
#--------------------------------------- 
sig <- read.csv(file = "NRD_CHF_SVR_DATA_ANALYSIS.csv", head = 
TRUE) 
 
 
#logistic regression 
sig.train.lm <- glm(THIRTY_DAY_READMIT ~ LOS+ MORT_RISK + 
CM_ANEMDEF + CM_DIABT + CM_DIABT_CHRON + CM_HYPERTENSION + 
CM_METASTATIC + CM_OBESE + CM_PSYCH + CM_RENLFAIL + DISCH_ROUTINE 
+ DISCH_TRANSFR + DISCH_HOMEHTLTH + DISCH_UNAPPROVED + 
DISCH_DEST_UNK, data= sig, family = binomial(link = "logit")) 
 
#Plot the Cook's distance using the traditional 4/n criterion 
cooksd <- cooks.distance(sig.train.lm) 
 
sample_size <- nrow(sig) 
#plot(cooksd, pch="*", cex=2, main="Influential Obs by Cooks 
distance") 
#abline(h- 4/sample_size, col="red") 
#text(x=1: length(cooksd)+1, y=cooksd, 
labels=ifelse(cooksd>4/sample_size, names(cooksd), ""), 
col="red") 
 
#Removing Outliers 
#Influential row numbers 
influential <- as.numeric(names(cooksd)[(cooksd > 
(4/sample_size))]) 
 
 
sig <- sig[-influential, ] 
 
boxplot(factor(sig$THIRTY_DAY_READMIT), col = "steelblue") 
 
#Balance the dataset using SMOTE 
sig <- SMOTE(THIRTY_DAY_READMIT ~ ., data = sig, perc.over = 600, 
perc.under = 100) 
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#write.table(sig, file = "smote_NRD_CHF_SVR_DATA_ANALYSIS.csv", 
quote=F) 
sigy <- sig 
 
testrows = sample(1:nrow(sigy), size=0.33*nrow(sigy)) 
log.test = sigy[testrows,] 
log.train = sigy[-testrows,] 
 
summary(log.test) 
summary(log.train) 
 
log.train.lm.test <- glm(THIRTY_DAY_READMIT ~ LOS + AGE + 
MORT_RISK + SOI + ELECTIVE + ORPROC + CM_ANEMDEF + CM_DIABT_CHRON 
+ CM_DRUG_ABS + CM_HYPERTENSION + CM_METASTATIC + CM_OBESE + 
CM_PSYCH + CM_RENLFAIL + CM_LYMPHMA + CM_LYTES + CM_WGHTLOSS + 
ZIP_43K_TO_54K + ZIP_54K_TO_71K + ZIP_ABOVE_71K + ZIP_NONE, data= 
log.train, family = binomial(link = "logit")) 
log.train.lm <- step(log.train.lm.test) 
  
vif(log.train.lm) 
summary(log.train.lm) 
 
get_logistic_pred = function(mod, data, res = "y", pos = 1, neg = 
0, cut = 0.5) { 
  probs = predict(mod, newdata = data, type = "response") 
  ifelse(probs > cut, pos, neg) 
} 
 
 
log.pred.10 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.1) 
log.pred.20 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.2) 
log.pred.30 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.3) 
log.pred.50 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.5) 
log.pred.60 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.6) 
 
 
log.pred.70 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.7) 
log.pred.80 <- get_logistic_pred(log.train.lm, log.test, res = 
"THIRTY_DAY_READMIT", pos = "Yes", neg = "No", cut = 0.8) 
log.prob <- predict(log.train.lm, log.test, type = "response") 
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#log.prob <- predict(log.train.lm, newdata = log.test, type = 
"response") 
 
log.tab.30 <- table(predicted = log.pred.30, actual = 
log.test$THIRTY_DAY_READMIT) 
log.tab.50 <- table(predicted = log.pred.50, actual = 
log.test$THIRTY_DAY_READMIT) 
log.tab.60 <- table(predicted = log.pred.60, actual = 
log.test$THIRTY_DAY_READMIT) 
log.tab.70 <- table(predicted = log.pred.70, actual = 
log.test$THIRTY_DAY_READMIT) 
log.tab.80 <- table(predicted = log.pred.80, actual = 
log.test$THIRTY_DAY_READMIT) 
 
calc_class_err <- function(actual, predicted) { 
  mean(actual != predicted) 
} 
 
log.err.10 <- calc_class_err(predicted = log.pred.10, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.20 <- calc_class_err(predicted = log.pred.20, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.30 <- calc_class_err(predicted = log.pred.30, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.50 <- calc_class_err(predicted = log.pred.50, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.60 <- calc_class_err(predicted = log.pred.60, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.70 <- calc_class_err(predicted = log.pred.70, actual = 
log.test$THIRTY_DAY_READMIT) 
log.err.80 <- calc_class_err(predicted = log.pred.80, actual = 
log.test$THIRTY_DAY_READMIT) 
 
log.err.10 
log.err.20 
log.err.30 
log.tab.30 
log.err.50 
log.tab.50 
log.err.60 
log.tab.60 
 
 
log.err.70 
log.tab.70 
log.err.80 
log.tab.80 
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log.matrix.10 <- ConfusionMatrix(log.tab.10, Positive = "Yes") 
log.matrix.20 <- ConfusionMatrix(log.tab.20, positive = "Yes") 
log.matrix.30 <- ConfusionMatrix(log.tab.30, positive = "Yes") 
 
metrics = rbind( 
  c(log.matrix.10$overall["Accuracy"], 
    log.matrix.10$byClass["Sensitivity"], 
    log.matrix.10$byClass["Specificity"]), 
   
  c(log.matrix.20$overall["Accuracy"], 
    log.matrix.20$byClass["Sensitivity"], 
    log.matrix.20$byClass["Specificity"]), 
   
  c(log.matrix.30$overall["Accuracy"], 
    log.matrix.30$byClass["Sensitivity"], 
    log.matrix.30$byClass["Specificity"]) 
) 
 
rownames(metrics) = c ("c = 0.10", "c = 0.20", "c = 0.30") 
metrics 
 
 
#log.pred.50 <- predict(log.train.lm, newdata = log.test, type = 
"response") 
test_roc <- plot(roc(actual = log.test$THIRTY_DAY_READMIT, 
predicted = log.pred.50), plot = TRUE, print.auc = TRUE, col= 
"blue") 
test_roc <- plot(roc(log.test$THIRTY_DAY_READMIT, 
log.pred.30[,1]), plot = TRUE, print.auc = TRUE, print.auc = .4, 
col= "green", add = TRUE) 
 
 
#KNN REGRESSION 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
sig$THIRTY_DAY_READMIT <- factor(sig$THIRTY_DAY_READMIT, levels = 
c("Yes", "No"), labels = c("Yes", "No")) 
knn.test = sig[testrows,] 
knn.train = sig[-testrows,] 
 
knn.train <- knn.train[,c("THIRTY_DAY_READMIT", "LOS", 
"MORT_RISK", "NPR", "NCHRONIC", "CM_ANEMDEF", "CM_DIABT",  
 
 
"CM_HYPERTENSION", "CM_METASTATIC", "CM_OBESE", "CM_PSYCH", 
"CM_RENLFAIL", "DISCH_TRANSFR", "DISCH_HOMEHTLTH", 
"DISCH_UNAPPROVED", "DISCH_DEST_UNK")] 
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knn.test <- knn.test[,c("THIRTY_DAY_READMIT", "LOS", "MORT_RISK", 
"NPR", "NCHRONIC", "CM_ANEMDEF", "CM_DIABT", "CM_HYPERTENSION", 
"CM_METASTATIC", "CM_OBESE", "CM_PSYCH", "CM_RENLFAIL", 
"DISCH_TRANSFR", "DISCH_HOMEHTLTH", "DISCH_UNAPPROVED", 
"DISCH_DEST_UNK")] 
 
 
knn.train.labels <- knn.train[, 1] 
knn.test.labels <- knn.test[, 1] 
 
 
knn.pred.1 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 1, prob = TRUE) 
knn.prob.1 <- attr(knn.pred.1, "prob") 
knn.prob.1 <-  2 * ifelse(knn.pred.1 == "No", 1-knn.prob.1, 
knn.prob.1) -1 
knn.tab.1 <- table(predicted = knn.pred.1, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.1 <- calc_class_err(predicted = knn.pred.1, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.3 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 3, prob = TRUE) 
knn.prob.3 <- attr(knn.pred.3, "prob") 
knn.prob.3 <-  2 * ifelse(knn.pred.3 == "No", 1-knn.prob.3, 
knn.prob.3) -1 
knn.tab.3 <- table(predicted = knn.pred.3, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.3 <- calc_class_err(predicted = knn.pred.3, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.5 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 5, prob = TRUE) 
knn.prob.5 <- attr(knn.pred.5, "prob") 
knn.prob.5 <-  2 * ifelse(knn.pred.5 == "No", 1-knn.prob.5, 
knn.prob.5) -1 
knn.tab.5 <- table(predicted = knn.pred.5, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.5 <- calc_class_err(predicted = knn.pred.5, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.7 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 7, prob = TRUE) 
knn.prob.7 <- attr(knn.pred.7, "prob") 
 
 
 



 135 

knn.prob.7 <-  2 * ifelse(knn.pred.7 == "No", 1-knn.prob.7, 
knn.prob.7) -1 
knn.tab.7 <- table(predicted = knn.pred.7, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.7 <- calc_class_err(predicted = knn.pred.7, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.15 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 15, prob = TRUE) 
knn.prob.15 <- attr(knn.pred.15, "prob") 
knn.prob.15 <-  2 * ifelse(knn.pred.15 == "No", 1-knn.prob.15, 
knn.prob.15) -1 
knn.tab.15 <- table(predicted = knn.pred.15, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.15 <- calc_class_err(predicted = knn.pred.15, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.151 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 151, prob = TRUE) 
knn.prob.151 <- attr(knn.pred.151, "prob") 
knn.prob.151 <-  2 * ifelse(knn.pred.151 == "No", 1-knn.prob.151, 
knn.prob.151) -1 
knn.tab.151 <- table(predicted = knn.pred.151, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.151 <- calc_class_err(predicted = knn.pred.151, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
knn.pred.363 <- knn(train = knn.train[,-c(1)], test = knn.test[,-
c(1)], cl = knn.train.labels, k = 363, prob = TRUE) 
knn.prob.363 <- attr(knn.pred.363, "prob") 
knn.prob.363 <-  2 * ifelse(knn.pred.363 == "No", 1-knn.prob.363, 
knn.prob.363) -1 
knn.tab.363 <- table(predicted = knn.pred.363, actual = 
knn.test$THIRTY_DAY_READMIT) 
knn.err.363 <- calc_class_err(predicted = knn.pred.363, actual = 
knn.test$THIRTY_DAY_READMIT) 
 
 
knn.tab.1 
knn.err.1 
 
knn.tab.3 
knn.err.3 
 
knn.tab.5 
knn.err.5 
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knn.tab.7 
knn.err.7 
 
knn.tab.15 
knn.err.15 
 
knn.tab.151 
knn.err.151 
 
knn.tab.363 
knn.err.363 
 
roc.1 <- roc(knn.test$THIRTY_DAY_READMIT, attr(knn.pred.1, 
"prob")) 
plot(roc.1) 
roc.1 
 
 
roc.1.predx <- prediction(knn.prob.1, 
knn.test$THIRTY_DAY_READMIT) 
roc.1.pred <- performance(roc.1.predx, "tpr", "fpr") 
roc.1.auc <- performance(roc.1.predx, measure = "auc") 
 
roc.3.predx <- prediction(knn.prob.3, 
knn.test$THIRTY_DAY_READMIT) 
roc.3.pred <- performance(roc.3.predx, "tpr", "fpr") 
roc.3.auc <- performance(roc.3.predx, measure = "auc") 
 
roc.5.predx <- prediction(knn.prob.5, 
knn.test$THIRTY_DAY_READMIT) 
roc.5.pred <- performance(roc.5.predx, "tpr", "fpr") 
roc.5.auc <- performance(roc.5.predx, measure = "auc") 
 
roc.7.predx <- prediction(knn.prob.7, 
knn.test$THIRTY_DAY_READMIT) 
roc.7.pred <- performance(roc.7.predx, "tpr", "fpr") 
roc.7.auc <- performance(roc.7.predx, measure = "auc") 
 
roc.15.predx <- prediction(knn.prob.15, 
knn.test$THIRTY_DAY_READMIT) 
roc.15.pred <- performance(roc.15.predx, "tpr", "fpr") 
roc.15.auc <- performance(roc.15.predx, measure = "auc") 
 
roc.151.predx <- prediction(knn.prob.151, 
knn.test$THIRTY_DAY_READMIT) 
roc.151.pred <- performance(roc.151.predx, "tpr", "fpr") 
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roc.151.auc <- performance(roc.151.predx, measure = "auc") 
 
roc.363.predx <- prediction(knn.prob.363, 
knn.test$THIRTY_DAY_READMIT) 
roc.363.pred <- performance(roc.363.predx, "tpr", "fpr") 
roc.363.auc <- performance(roc.363.predx, measure = "auc") 
 
log.predx <- prediction(log.prob, log.test$THIRTY_DAY_READMIT) 
log.pred <- performance(log.predx, "tpr", "fpr") 
log.auc <- performance(log.predx, measure = "auc") 
 
#K-Nearest Neighbor ROC Curve 
 
plot(roc.1.pred, avg = "threshold", colorize=F, lwd = 3, main = 
"K- Nearest Neighbors Receiver Operating Characteristic Curve") 
plot(roc.3.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 2) 
plot(roc.5.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 3) 
plot(roc.7.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 4) 
plot(roc.15.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 5) 
plot(roc.151.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 6) 
plot(roc.363.pred, avg = "threshold", colorize=F, lwd = 3, add = 
TRUE, col = 7) 
 
abline(a =0, b =1, lwd =2, lty =2) 
 
n1 <- paste ("KNN K=1 (AUC = ", round(unlist(roc.1.auc@y.values), 
3), ")", sep="") 
n3 <- paste ("KNN K=3 (AUC = ", round(unlist(roc.3.auc@y.values), 
3), ")", sep="") 
n5 <- paste ("KNN K=5 (AUC = ", round(unlist(roc.5.auc@y.values), 
3), ")", sep="") 
n7 <- paste ("KNN K=7 (AUC = ", round(unlist(roc.7.auc@y.values), 
3), ")", sep="") 
n15 <- paste ("KNN K=15 (AUC = ", 
round(unlist(roc.15.auc@y.values), 3), ")", sep="") 
n151 <- paste ("KNN K=151 (AUC = ", 
round(unlist(roc.151.auc@y.values), 3), ")", sep="") 
n363 <- paste ("KNN K=363 (AUC = ", 
round(unlist(roc.363.auc@y.values), 3), ")", sep="") 
nlog <- paste ("LOGISTIC (AUC = ", 
round(unlist(log.auc@y.values), 3), ")", sep="") 
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legend("bottomright", c(n1,n3,n5,n7,n15,n151,n363), lty=1, 
col=1:7, inset=0.05) 
 
 
#Logistic Regression ROC Curve 
 
plot(log.pred, avg = "threshold", colorize=F, lwd = 3,  main = 
"Logistic Regression Receiver Operating Characteristic Curve") 
 
abline(a =0, b =1, lwd =2, lty =2) 
 
legend("bottomright", c(nlog), lty=1, col=1, inset=0.05) 
 
#Random Forest 
set.seed(500) 
 
testrows = sample(1:nrow(sig), size=0.33*nrow(sig)) 
 
for.test = sig[testrows,] 
for.train = sig[-testrows,] 
 
for.train.rf <- randomForest(THIRTY_DAY_READMIT ~ ., data = 
for.train[,c("THIRTY_DAY_READMIT", "LOS", "NCHRONIC", "NPR", 
"CM_ANEMDEF", "CM_DIABT", "CM_DIABT_CHRON", "CM_METASTATIC", 
"CM_PSYCH", "CM_RENLFAIL", "DISCH_ROUTINE", "DISCH_TRANSFR", 
"DISCH_HOMEHTLTH", "DISCH_UNAPPROVED", "DISCH_DEST_UNK")]) 
for.train.rf 
 
 
 
uva.pairs(pos.train[,c("THIRTY_DAY_READMIT", "LOS", "AGE", 
"NCHRONIC", "NPR", "SOI", "MORT_RISK")]) 
 
 
 
 
 
#Bootstrapping 
readmit.boot <- boot(readmit$DAYS_TO_READMISSION, statistic = 
function(d,i){mean(d[i])}, 2000) 
 
#Cumulative density function of the Readmissions 
readmit.ecdf <- ecdf(readmit$DAYS_TO_READMISSION) 
plot(readmit.ecdf, xlab="Days to next readmission", main = "CDF") 
abline(v = mean(readmit$DAYS_TO_READMISSION)) 
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#Histogram and QQ Plot 
plot(readmit.boot, xlab="Days to next readmission", 
main="DAYS_TO_READMISSION") 
 
quantile(readmit.boot$t, 0.025) 
 
quantile(readmit.boot$t, 0.975) 
 
 
Mode <- function(x) { 
  ux <- unique(x) 
  ux[which.max(tabulate(match(x, ux)))] 
} 
 
median(sig$AGE) 
median(sig$NCHRONIC) 
median(sig$NPR) 
median(sig$ORPROC) 
 
Mode(sig$AGE) 
Mode(sig$NCHRONIC) 
Mode(sig$NPR) 
Mode(sig$ORPROC) 
 
max(sig$AGE) 
max(sig$NCHRONIC) 
max(sig$NPR) 
max(sig$ORPROC) 
 
#MS MEDIAN PREDS 
Ms.median <- data.frame(AGE = median(sig$AGE), NO_ED = 1, 
ED_REV_CDE = 0, ED_CHG = 0, NCHRONIC = median(sig$NCHRONIC) , NPR 
= median(sig$NPR), ORPROC = median(sig$ORPROC), ZIP_43K_TO_54K = 
0, ZIP_54K_TO_71K = 1, ZIP_ABOVE_71K = 0, ZIP_NONE = 0) 
#Bootstrap prediction 
#Ms.median.test <- RFB(sig.train, sig.train.lm, ndata= Ms.median) 
 
#Ms Median Linear model prediction 
Ms.median.lin.pred <- predict(sig.train.lm, newdata= Ms.median, 
type = "response") 
 
#Ms Median Bootstrapped model prediction 
#Ms.median.boot.pred <- predict(sig.train.lm, newdata= 
Ms.median.test, se.fit = T) 
 
#Ms Median Quadratic model prediction 
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Ms.median.quad.pred <- predict(quad.train.lm, newdata= Ms.median, 
type = "response") 
 
#Ms Median Poisson prediction 
Ms.median.pos.pred <- predict(pos.train.lm, newdata = Ms.median, 
type = "response") 
 
#Ms Median Quasi Poisson prediction 
Ms.median.quasi.pred <- predict(quasi.train.lm, newdata = 
Ms.median, type = "response") 
 
#Ms Median Negative Binomial prediction 
Ms.median.nbin.pred <- predict(nbin.train.lm, newdata = 
Ms.median, type = "response") 
 
#Ms Median KNN prediction 
Ms.median.knn.pred <- knn.reg(train = knn.train[,c("AGE", 
"NO_ED", "ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , test = Ms.median[,c("AGE", 
"NO_ED", "ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , y =  knn.train$LOS, k = 50) 
 
 
#MS MODE PREDS 
Ms.mode <- data.frame(AGE = Mode(sig$AGE), NO_ED = 1, ED_REV_CDE 
= 0, ED_CHG = 0, NCHRONIC = Mode(sig$NCHRONIC) , NPR = 
Mode(sig$NPR), ORPROC = Mode(sig$ORPROC), ZIP_43K_TO_54K = 0, 
ZIP_54K_TO_71K = 1, ZIP_ABOVE_71K = 0, ZIP_NONE = 0) 
#Bootstrap prediction 
#Ms.mode.test <- RFB(sig, sig.train.lm, ndata= Ms.mode) 
 
#Ms mode Linear model prediction 
Ms.mode.lin.pred <- predict(sig.train.lm, newdata= Ms.mode, type 
= "response") 
 
#Ms mode Bootstrapped model prediction 
#Ms.mode.boot.pred <- predict(sig.train.lm, newdata= 
Ms.mode.test, se.fit = T) 
 
#Ms mode Quadratic model prediction 
Ms.mode.quad.pred <- predict(quad.train.lm, newdata= Ms.mode, 
type = "response") 
 
#Ms mode Poisson prediction 
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Ms.mode.pos.pred <- predict(pos.train.lm, newdata = Ms.mode, type 
= "response") 
 
#Ms mode Quasi Poisson prediction 
Ms.mode.quasi.pred <- predict(quasi.train.lm, newdata = Ms.mode, 
type = "response") 
 
#Ms mode Negative Binomial prediction 
Ms.mode.nbin.pred <- predict(nbin.train.lm, newdata = Ms.mode, 
type = "response") 
 
#Ms Mode KNN prediction 
Ms.mode.knn.pred <- knn.reg(train = knn.train[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , test = Ms.mode[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , y =  knn.train$LOS, k = 50) 
 
 
 
#MS MAX PREDS 
Ms.max <- data.frame(AGE = max(sig$AGE), NO_ED = 1, ED_REV_CDE = 
0, ED_CHG = 0, NCHRONIC = max(sig$NCHRONIC) , NPR = max(sig$NPR), 
ORPROC = max(sig$ORPROC), ZIP_43K_TO_54K = 0, ZIP_54K_TO_71K = 1, 
ZIP_ABOVE_71K = 0, ZIP_NONE = 0) 
#Bootstrap prediction 
#Ms.max.test <- RFB(sig.train, sig.train.lm, ndata= Ms.max) 
 
#Ms max Linear maxl prediction 
Ms.max.lin.pred <- predict(sig.train.lm, newdata= Ms.max, type = 
"response") 
 
#Ms max Bootstrapped maxl prediction 
#Ms.max.boot.pred <- predict(sig.train.lm, newdata= Ms.max.test, 
se.fit = T) 
 
#Ms max Quadratic maxl prediction 
Ms.max.quad.pred <- predict(quad.train.lm, newdata= Ms.max, type 
= "response") 
 
#Ms max Poisson prediction 
Ms.max.pos.pred <- predict(pos.train.lm, newdata = Ms.max, type = 
"response") 
 
#Ms max Quasi Poisson prediction 
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Ms.max.quasi.pred <- predict(quasi.train.lm, newdata = Ms.max, 
type = "response") 
 
#Ms max Negative Binomial prediction 
Ms.max.nbin.pred <- predict(nbin.train.lm, newdata = Ms.max, type 
= "response") 
 
#Ms max KNN prediction 
Ms.max.knn.pred <- knn.reg(train = knn.train[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , test = Ms.max[,c("AGE", "NO_ED", 
"ED_REV_CDE", "ED_CHG", "NCHRONIC", "NPR", "ORPROC", 
"ZIP_43K_TO_54K", "ZIP_54K_TO_71K", "ZIP_ABOVE_71K", "ZIP_NONE")] 
                              , y =  knn.train$LOS, k = 50) 
 
 
Ms.median.lin.pred 
Ms.median.quad.pred 
Ms.median.pos.pred 
Ms.median.quasi.pred 
Ms.median.nbin.pred 
Ms.median.knn.pred 
 
Ms.mode.lin.pred 
Ms.mode.quad.pred 
Ms.mode.pos.pred 
Ms.mode.quasi.pred 
Ms.mode.nbin.pred 
Ms.mode.knn.pred 
 
Ms.max.lin.pred 
Ms.max.quad.pred 
Ms.max.pos.pred 
Ms.max.quasi.pred 
Ms.max.nbin.pred 
Ms.max.knn.pred 
 
 
#Ms. Mediana Scenario 1 
Ms.median.readmit <- data.frame(LOS = 3.6, NCHRONIC = 
median(sig$NCHRONIC) , NPR = median(sig$NPR), MORT_RISK = 
max(sig$MORT_RISK), CM_ANEMDEF = 0, CM_DIABT = 1, CM_HYPERTENSION 
= 1, CM_METASTATIC = 0, CM_OBESE = 0, CM_PSYCH = 0, CM_RENLFAIL = 
0, DISCH_TRANSFR = 0, DISCH_HOMEHTLTH = 0, DISCH_UNAPPROVED = 0, 
DISCH_DEST_UNK = 1) 
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Ms.median.readmit <- Ms.median.readmit[,c("LOS", "MORT_RISK", 
"NPR", "NCHRONIC", "CM_ANEMDEF", "CM_DIABT", "CM_HYPERTENSION", 
"CM_METASTATIC", "CM_OBESE", "CM_PSYCH", "CM_RENLFAIL", 
"DISCH_TRANSFR", "DISCH_HOMEHTLTH", "DISCH_UNAPPROVED", 
"DISCH_DEST_UNK")] 
 
#KNN Prediction 
Ms.median.readmit.knn.pred <- knn(train = knn.train[,-c(1)], test 
= Ms.median.readmit, cl = knn.train.labels, k = 7, prob = TRUE) 
 
#Logistic Regression Prediction 
Ms.median.log.pred <- predict(log.train.lm, newdata= 
Ms.median.readmit, type = "response") 
Ms.median.log.pred.50 <- get_logistic_pred(log.train.lm, data = 
Ms.median.readmit, res = "THIRTY_DAY_READMIT", pos = "Yes", neg = 
"No", cut = 0.5) 
 
Ms.median.readmit.knn.pred 
attr(Ms.median.readmit.knn.pred, "prob") 
Ms.median.log.pred 
Ms.median.log.pred.50 
 
 
#read.test.pred <- predict(read.train.lm, read.test, interval = 
"prediction") 
#summary(read.test.pred) 
 
#plot(predict(read.train.lm), read.test$LOS) 
 
# Get fitted values from the regression model 
read.train.fit <- fitted(read.train.lm) 
 
# Get the residuals from the regression model 
read.train.resid <- residuals(read.train.lm) 
 
# Get the regression model 
read.train.mod <- model.matrix(read.train.lm) 
 
# Bootsrap the linear model 
read.train.boot <- 
RTSB(readmit$DAYS_TO_READMISSION,readmit[,c("LOS", "NCHRONIC", 
"NPR", "ORPROC", "CM_ANEMDEF", "CM_DIABT", "CM_DIABT_CHRON", 
"CM_HYPERTENSION", "CM_LYMPHMA", "CM_LYTES", "CM_METASTATIC", 
"CM_OBESE", "CM_PSYCH", "CM_RENLFAIL", "CM_WGHTLOSS", 
"DISCH_TRANSFR", "DISCH_HOMEHTLTH", "DISCH_UNAPPROVED")], 
read.train.fit, read.train.resid, read.train.mod, 2000) 
 
read.train.boot 
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boot.var <- apply(read.train.boot$t, 2, var) 
# 95%  CI for beta 1 
 
boot.ci(read.train.boot, .99, index=6, type = "norm") 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


